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Abstract 

Whether an individual meets psychometric criteria for cognitive impairment is dictated 

by the comparison criterion, which is typically either a normative mean or a known or estimated 

previous level of ability. This study investigated the conditions under which adjusting normative 

expectations based on estimated premorbid intelligence would be appropriate. A simulated 

dataset was derived and several parameters were systematically varied: the correlation between 

premorbid intelligence and the cognitive test score; the cutoff used to classify a score as 

“normal” or “abnormal;” and the population base rate of cognitive impairment. Simulation 

results demonstrated that the correlation between premorbid intelligence and the cognitive score 

was the only parameter to substantially influence the tradeoff between the two normative 

approaches, with correlations above r = .35 signifying greater advantage to adjusting normative 

expectations by premorbid intelligence. These findings inform common neuropsychological 

practices regarding the application of premorbid intelligence estimates to the detection of 

cognitive impairment. 

 

Public Significance Statement 

This simulation study examined the factors that affect the relative value of a normative 

mean versus estimated premorbid intelligence as the most appropriate comparison criterion for 

the detection of cognitive impairment. Findings revealed that the correlation between premorbid 

intelligence and the test score of interest is the most relevant factor, with higher correlations 

rendering premorbid intelligence the more appropriate criterion. 

 Keywords: Computer Simulation; Cognitive Impairment; Neuropsychological 

Tests; Intelligence  
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When is it appropriate to infer cognitive impairment on the basis of premorbid IQ 

estimates? A simulation study 

One of the more common applications of neuropsychological assessment is for the 

determination of whether an individual’s current cognitive functioning has declined relative to 

their previous ability level. In many cases, such an assessment goal is pursued to make 

inferences about the absence or presence of a suspected cognitive disorder in an individual to 

assist with differential diagnosis. In fact, differential diagnosis is the most common reason for 

referring a patient to a neuropsychologist (Rabin, Paolillo, & Barr, 2016). For quantifying 

within-person cognitive changes and deciding whether to interpret an observed test score as 

representing clinically meaningful decline, having baseline data from a previous 

neuropsychological assessment may be optimal, as it allows for the direct comparison of scores 

(e.g., Duff, 2012). However, for many -- if not most -- examinees referred for 

neuropsychological assessment, baseline data are not available.  

In the absence of baseline data, there are two general strategies for interpreting test scores 

to make judgments about change in an examinee’s cognitive functioning. These include 

comparing the observed test scores to one of two criteria: (1) the mean of a normative group 

(normative mean approach) or (2) the examinee’s estimated premorbid ability level, usually their 

estimated premorbid intelligence quotient (pIQ-based approach). For example, a diagnosis of 

mild cognitive impairment (MCI) is often made when an observed test score falls at least 1.5 

standard deviations below the mean of a relevant normative sample, regardless of the examinee's 

estimated premorbid IQ (Winblad et al., 2004). This approach is especially common in research 

settings, where a standardized method for assigning participants to diagnostic categories benefits 

from defining an “abnormal” test score in a uniform and systematic manner for all participants 
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(e.g., Jak et al., 2009). However, a potential downside of such a uniform approach is that 

individual differences in baseline functioning may not be fully captured by the chosen normative 

mean. As such, individuals who begin at a particularly high starting point may need to 

experience more extensive cognitive decline before they produce an “abnormal” test score 

relative to another person whose premorbid functioning is closer to the normative mean. In the 

context of cognitive aging and dementia research, an increasingly greater emphasis has been 

placed on detecting signs of neurodegeneration as early as possible in the disease course, using a 

combination of clinical and biomarker data (Sperling et al., 2011). Rentz and colleagues (2004), 

for example, showed that applying IQ-adjusted normative standards to memory measures 

improved the prediction of a later MCI diagnosis. This increased focus on pre-clinical detection 

is especially relevant to the enrollment of participants into clinical trials, as the value of disease-

modifying agents is greatest when the intervention is applied before pathology becomes 

widespread. 

In many cases, the normative mean approach and the pIQ-based approach will agree as to 

whether a test score is “normal” or “abnormal” when compared to a chosen cutoff. However, if 

the normative mean and an examinee’s estimated premorbid IQ are both available, there are 

situations in which the two comparisons could produce conflicting results. For example, a score 

of 100 on a test such as the WAIS could be considered “abnormal” (e.g., > 1.5 SD below 

expectations) in a person with a premorbid IQ estimate of 125, even if their test score is 

“normal” relative to the normative mean. Disagreements such as this could pose challenges for 

proper interpretation of test scores, which, in turn, could affect diagnosis and clinical care. These 

discrepancies occur due to individual variability in pIQ that is not captured by a 

demographically-corrected normative mean (e.g., not all 70-year-old women with 16 years of 
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education have the same pIQ). When individuals have below-average pIQ, their observed 

cognitive test score may fall below the “abnormal” cutoff when compared to that test's normative 

mean, but not below their own pIQ-based cutoff. In contrast, when individuals have above-

average pIQ, their observed cognitive test score may fall below the “abnormal” cutoff when 

compared to their own pIQ-based cutoff, but not below that test's normative mean-based cutoff. 

Which is more likely to be correct? 

The Current Study 

Despite the ubiquity of normative mean-based and pIQ-based comparisons in clinical 

neuropsychology, and the possibility that these two methods occasionally conflict with one 

another, there are few data sources available to help neuropsychologists interpret discrepant 

results. Simulation studies are especially well-suited to provide such data. The goal of the current 

study is to simulate the response patterns of individual examinees under a variety of scenarios. 

These simulated data can then be examined to identify situations where the normative mean-

based and pIQ-based comparisons disagree about whether a test score is “normal” or “abnormal” 

(i.e., above or below an established cutoff). In particular, we will generate simulated cognitive 

test data from two populations: a cognitively impaired population and a cognitively normal 

population. These simulations will be used to generate an observed cognitive test score and an 

estimated pIQ score for each simulated examinee. The observed cognitive test score will be 

compared to (1) the normative mean and (2) that simulated examinee’s pIQ. When the two 

approaches disagree (i.e., one yields an “abnormal” outcome and the other yields a “normal” 

outcome), the approach that either (1) correctly identifies a score generated from the cognitively 

impaired population as “abnormal” or (2) correctly identifies a score generated from the 

cognitively normal population as “normal” will be considered correct and the other approach 
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considered incorrect. The frequencies of correct and incorrect comparisons will be used to 

generate odds ratios, which are the primary analytic focus of this study. The results of this study 

will therefore provide novel data to facilitate neuropsychological test score interpretation. 

Method 

The simulation methods were designed to make both normative mean-based comparisons 

and pIQ-based comparisons. In the normative mean-based comparisons, the observed cognitive 

test score is compared to the mean of a reference group, which is 0 (SD = 1) in standard normal 

units (z-scores) and 100 (SD = 15) in Standard Score (IQ score) units. In the pIQ-based 

comparison, the observed cognitive test score is compared to that person’s premorbid IQ 

estimate. We simulated sample data from two different populations: a cognitively impaired 

population and a cognitively normal population. For each examinee sampled from a given 

population, we simulated two observed test scores: an observed cognitive test score and an 

observed pIQ estimate. 

Assumptions 

The simulation assumptions are described in detail in supplemental materials. Briefly, we 

made the following assumptions: (1) the population mean of premorbid IQ was 100 (i.e., a z-

score of 0) in both the cognitively impaired and cognitively normal populations; (2) the 

population mean of the cognitive test score was 100 (i.e., a z-score of 0) in the cognitively 

normal population; (3) the population mean of the cognitive test score was 89.5 (i.e., a z-score of 

-0.70) in the cognitively impaired population; (4) the population correlation between pIQ and 

years of education is .50 (Strenze, 2007); (5) the population correlation between cognitive test 

scores and years of education is .22 (Stern & White, 2003); and (6) the cognitive test score has 

an internal consistency reliability of .90. 
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Why were these assumptions made? Some assumptions (e.g., the population correlation 

between pIQ and years of education, the population correlation between cognitive test scores and 

years of education) were based on high quality meta-analytic studies (Strenze, 2007) and 

manuals for tests with rigorous psychometric development procedures (Stern & White, 2003). 

Other assumptions were chosen for practical or clinical relevance. For instance, the population 

mean of the cognitive test score in the cognitively impaired population was meant to represent a 

0.70 standard deviation decline in cognition relative to baseline. We chose this value because the 

purpose of this study was to specifically study disagreements between the normative-based 

approach and the pIQ-based approach. If this effect size was considerably smaller (e.g., -0.20) or 

larger (e.g., -1.50), there would be fewer opportunities for the two approaches to disagree. 

Further, because the exact amount of cognitive decline experienced by an individual is not 

known to the neuropsychologist performing the assessment, there is no value in simulating more 

subtle differences (e.g., -0.70 vs. -0.60) in this parameter. We also assumed an internal 

consistency value of .90 for the cognitive test. This value was chosen because experts have 

recommended that, for the purpose of individual-level decision making (as is the purpose of 

almost every clinical neuropsychological assessment and consistent with the focus of this study), 

tests with reliability coefficients of .90 or greater should be used (Nunnally & Bernstein, 1994). 

However, because this assumption is not met by many popular neuropsychological assessment 

measures, we performed a sensitivity analysis to determine the influence of this assumption on 

the results. 

Parameters 

The simulation parameters are described in detail in supplemental materials. We 

systematically varied the simulation parameters for (1) the correlation between pIQ and the 
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cognitive test score; (2) the cutoff used to define a test score comparison as “normal” or 

“abnormal;” (3) the base rate of cognitive impairment in the population. Table 1 shows the 

specific values of the manipulated parameters. The specific parameter values to be manipulated 

were chosen to cover a broad range of values that would likely be encountered in assessment 

settings. 

_________________________ 

Insert Table 1 Around Here 

_________________________ 

Procedures 

This study was not preregistered. As this was a statistical simulation study, human 

subjects ethics approval was not necessary. The simulation procedures are described in detail in 

supplemental materials. All simulations were performed in R version 4.0.2 (R Core Team, 2020) 

and relied upon the MASS (Venables & Ripley, 2002), mirt (Chalmers, 2012), ggplot2 (Wickham, 

2016), and data.table (Dowle & Srinivasan, 2020) packages. Briefly, simulations involved 

generating cognitive test scores and pIQ data for both the cognitively normal and cognitively 

impaired groups under the different simulation parameters described in the preceding section. 

“True” scores for cognition and pIQ were sampled at random from a multivariate normal 

distribution defined according to the parameters described in Assumptions 1-5 above (Venables 

& Ripley, 2002). The “true” scores for cognition were converted into observed scores by adding 

random measurement error. The magnitude of the measurement error added to each “true” score 

was randomly sampled from a normal distribution with a mean of 0 and a standard deviation of 

0.30, which is mathematically equivalent to an internal consistency reliability of 0.90 (see 

Supplement). “True” pIQ scores were converted to observed pIQ scores using item response 
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theory-based simulation procedures (Chalmers, 2012). The IRT parameters used in this 

conversion were based on item-level data for the American National Adult Reading Test 

(AMNART; Grober & Sliwinski, 1991) obtained from an older adult (age range: 40-96 years; 

MAge = 62.70 ± 12.25) sample (Menon et al., 2013). See the Supplemental Materials for more 

details about the AMNART item parameters. 

Next, the observed cognitive test scores were compared to both the normative mean and 

the observed pIQ estimates. Scenarios in which the two comparisons were in agreement were 

discarded, meaning that all results reflect situations in which the two approaches led to 

discrepant outcomes (“normal” vs. “abnormal”). The frequencies with which the normative 

mean-based approach and the pIQ-based approach correctly differentiated between cases from 

the cognitively impaired population and the cognitively normal population were tallied, as shown 

in Table 2. 

_________________________ 

Insert Table 2 Around Here 

_________________________ 

Table 2 shows the four ways in which the two comparison approaches could disagree 

with regard to whether or not an examinee’s simulated data was drawn from the cognitively 

impaired population or the cognitively normal population. For all cases where the two 

approaches led to discrepant results, we calculated the odds in favor of (1) a true positive, 

relative to a false positive, when using the normative-mean based approach to identify cognitive 

impairment; and (2) a true positive, relative to a false positive, when using the pIQ-based 

approach to identify cognitive impairment. The ratio of these two odds was then obtained; this 

odds ratio (OR) reflects the relative advantage (OR > 1) or disadvantage (OR < 1) of using the 
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pIQ-based approach instead of the normative mean-based approach to classify cases when the 

two approaches yield discrepant results.  

Odds ratios less than 1 indicate that, when the two approaches disagree, the normative-

based approach has better odds of being correct. On the other hand, odds ratios greater than 1 

indicate that the pIQ-based approach has better odds of being correct. Odds ratios of exactly 1 

mean that the two approaches have equal odds of being correct when they disagree about 

whether a test score is “normal” or “abnormal.” We calculated odds ratios for all 27 simulation 

scenarios (3 correlations x 3 cutoffs x 3 base rates) depicted in Table 2. 

Code used to simulate the data used in this study can be found at 

https://github.com/begavett/simulate-piq. 

Results 

Data about the rates of disagreement between the two approaches are shown in Table 3. 

These data reveal that disagreements between the two approaches, under the parameters 

simulated here, ranged from as infrequent as 3.4% to as frequent as 24.2%. The data also show 

rates of disagreement are highly dependent upon the chosen cutoff, somewhat dependent upon 

the base rate of cognitive impairment, and somewhat dependent upon the correlation between 

pIQ and the cognitive test score. Disagreements are least likely when the base rate of cognitive 

impairment is low (10%), the cutoff used to classify a test score as “abnormal” is more extreme 

(z < -2), and the population correlation between pIQ and the cognitive test is high (! = .66). In 

contrast, disagreements are most likely when the base rate of cognitive impairment is high 

(70%), the cutoff score is less extreme (z < -1), and the population correlation between pIQ and 

the cognitive test score is low (! = .22). 

_________________________ 
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Insert Table 3 Around Here 

_________________________ 

A summary of the odds ratios for each of the 27 scenarios (N = 5,000,000 simulated cases 

per scenario) is shown in Figure 1. Some obvious patterns are evident in this figure. First, when 

using cognitive tests that have low correlations with pIQ scores (i.e., ! = .22), the normative-

based comparison yields better odds of correctly identifying cognitive impairment, as indicated 

by the ORs below 1. In contrast, when using cognitive tests that have medium to large 

correlations with pIQ scores (i.e., ! = .44 and ! = .66), the pIQ-based comparison yields better 

odds of correctly identifying cognitive impairment, as indicated by the ORs above 1. The results 

in Figure 1 show a near-complete lack of influence of cognitive impairment base rates on odds 

ratios. Similarly, the cutoff thresholds used to classify a test score as “abnormal” were also 

lacking in any noticeable influence over the pattern of results. In other words, it is clear from 

Figure 1 that the most important variable for resolving disagreements between normative-based 

and pIQ-based comparisons is the correlation between pIQ and the cognitive test scores, with 

low correlations (! = .22) favoring the normative-based approach and medium (! = .44) to large 

(! = .66) correlations favoring the pIQ-based approach. 

_________________________ 

Insert Figure 1 Around Here 

_________________________ 

In order to more precisely identify the correlation coefficient at which the advantage shifts 

from normative-based comparisons to pIQ-based comparisons, we repeated the same simulations 

using a sequence of correlation coefficients ranging from .22 to .44 in increments of .01. To 

isolate the influence of the correlation coefficients in these follow-up simulations, cutoff scores 
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and base rates were chosen at random to ensure no systematic influence of these parameters on 

the results. These results are depicted in Figure 2; the points represent the odds ratios obtained 

from the simulations and the trend line represents the line of best fit through the data. These 

results suggest a tipping point correlation of approximately .35, with correlations below .35 

favoring the normative mean-based approach and correlations above .35 favoring the pIQ-based 

approach. 

Given that our assumed internal consistency reliability of .90 is higher than is typical for 

many neuropsychological tests (e.g., Delis, Kaplan, & Kramer, 2001), we re-ran our simulations 

using values of .70 and .50 as well. The results, available in supplemental materials, show 

essentially no impact of a cognitive test’s internal consistency reliability on the simulation 

results. 

_________________________ 

Insert Figure 2 Around Here 

_________________________ 

Discussion 

This study examined the role of premorbid IQ estimates for accurately identifying 

cognitive impairment on the basis of classifying observed cognitive test scores as either 

“normal” or “abnormal.” The goal of this simulation study was to identify scenarios where an 

observed cognitive test score would be considered “normal” based on one system and 

“abnormal” when using a different system, and to determine the factors that influence the 

accuracy of the two systems. The two systems compared were the normative mean-based 

comparison (the equivalent of using non-IQ-adjusted normative data to generate standardized 

test scores) and the pIQ-based comparison, which also standardizes an observed test score based 
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on normative data, but then compares the resulting standardized score not to the normative mean 

but to the individual’s estimated premorbid IQ. The factors that were considered potentially 

capable of influencing the accuracy of the two systems were (1) the correlation between the pIQ 

measure and the cognitive test; (2) the base rate of cognitive impairment in the population; and 

(3) the cutoff value used to identify a cognitive test score as “normal” or “abnormal.”  

The major takeaway from this study is that the choice of whether to favor normative-

based comparisons or pIQ-based comparisons – when the two approaches yield conflicting 

results – is heavily dependent on the correlation between the cognitive test and the pIQ score. 

For cognitive tests that are highly correlated with pIQ, accurate detection of cognitive 

impairment will be enhanced when comparing the observed test scores to the individual’s 

estimated pIQ. On the other hand, when using a cognitive test that has a low correlation with 

pIQ, normative-based comparisons are likely to be correct more often in cases where they 

disagree with pIQ-based comparisons. Our simulations identified a correlation of .35 as the 

tipping point: when correlations between pIQ and the cognitive test are below this value, 

cognitive impairment can be more accurately identified when disagreements are settled in favor 

of the normative mean-based approach. On the other hand, when correlations between pIQ and 

the cognitive test are above this value, cognitive impairment can be more accurately identified 

when disagreements are settled in favor of the pIQ-based approach. 

In addition to exploring the influence of these correlations on the odds of correctly 

identifying cognitive impairment, we also examined the influence of two other factors: the base 

rate of cognitive impairment in the population (values studied: 10%, 40%, and 70%) and the 

threshold for categorizing a cognitive test score as “abnormal” (values studied: z < -1.0, z < -1.5, 

z < -2.0). These variables were not found to influence the odds of correctly identifying cognitive 
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impairment in situations where the normative mean-based approach and the pIQ-based approach 

disagreed. 

As an example, consider a hypothetical patient referred for neuropsychological 

assessment. This hypothetical patient is a 78-year-old Caucasian woman with 14 years of 

education. To assess this patient’s premorbid IQ, the neuropsychologist administers the 

AMNART, and the patient makes 5 errors. This performance, in combination with her 14 years 

of education, produces a premorbid IQ estimate of 122 (Grober & Sliwinski, 1991). The 

neuropsychologist also administers the Boston Naming Test (BNT), on which the patient 

achieves a score of 52 out of 60. Using the Revised Comprehensive Norms for an Expanded 

Halstead-Reitan Battery (Heaton et al., 2004), the patient’s raw score of 52 is converted to a 

demographically-corrected T-score of 48. Assume that, as a general rule, the neuropsychologist 

considers scores that are more than 1.5 SD below expectations to be “abnormal.” Based on that 

criterion, the observed BNT T-score of 48, which is only 0.2 SD below the normative mean T-

score of 50, would be considered “normal.”  

In contrast, when compared to the patient’s estimated pIQ of 122, her demographically-

corrected T-score of 48, which is equivalent to an IQ score of 97, falls 1.67 SD below her pIQ-

based expectations. Thus, when compared to her estimated pIQ, this patient’s observed BNT T-

score is “abnormal,” thus resulting in a disagreement between the normative-based approach and 

the pIQ-based approach. If we assume that the correlation between the BNT and the AMNART-

based pIQ estimate is r = .66 (i.e., above the tipping point correlation of .35), then the odds of the 

neuropsychologist making a correct determination about the absence or presence of 

confrontation naming impairment in this patient are almost twice as good if the 

neuropsychologist favors the pIQ-based comparison (i.e., interpreting the observed T-score of 48 
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as “abnormal”) instead of the normative-based comparison. On the other hand, if the correlation 

between the AMNART-based pIQ estimate and the BNT is less than .35, then the 

neuropsychologist would be more likely to make an accurate interpretation of the data if she 

favored the normative-based comparison (i.e., interpreting the observed T-score of 48 as 

“normal”). However, this hypothetical clinician may experience challenges finding trustworthy 

data about the population correlation between BNT scores and AMNART-based pIQ estimates. 

In one of the only studies to provide such data, Vemuri et al. (2011) reported a partial correlation 

of -.31 between AMNART errors and BNT scores in cognitively normal individuals and -.37 in 

cognitively impaired individuals. Unfortunately, very few publications contain data regarding the 

correlations between cognitive tests and premorbid IQ estimates. The results of the current study 

provide evidence that such correlations should be more widely reported in the cognitive 

assessment literature. 

These results also have implications for the diagnosis of aging-associated cognitive 

impairment, especially mild cognitive impairment. One of the most commonly used sets of 

diagnostic criteria for the diagnosis of MCI requires at least one cognitive test score – in any 

domain – to be more than 1.5 SD below normative mean-based expectations for the diagnosis of 

single-domain MCI, and at least two cognitive test scores – across more than one domain – to be 

more than 1.5 SD below normative mean-based expectations for the diagnosis of multiple 

domain MCI (Petersen et al., 1999; Winblad et al., 2004). The results of this current study 

suggest that these criteria may lack sensitivity (i.e., increase the false negative error rate) for the 

detection of MCI in individuals with pIQ estimates above 100 if the cognitive tests used to 

diagnose MCI are correlated at r > .35 with pIQ. Similarly, these criteria may lack specificity 
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(i.e., increase the false positive error rate) for ruling out MCI in individuals with pIQ estimates 

below 100 if the cognitive tests used to diagnose MCI are correlated at r < .35 with pIQ. 

The Jak-Bondi criteria for MCI take an algorithmic, neuropsychological test score-

driven approach to this diagnosis (Jak et al., 2009; Bondi et al., 2014). These criteria require at 

least two cognitive test scores per domain to be classified as “abnormal” using a cutoff score of z 

< -1 SD relative to the normative mean. As our results did not reveal an influence of cutoff score 

on the odds ratio for correctly identifying whether a test score was sampled from the cognitively 

impaired or cognitively normal population, it is likely that the same concerns about sensitivity 

and specificity described with regard to the Winblad criteria also apply to the Jak-Bondi criteria. 

There appear to be no major disadvantages to modifying these criteria to recommend pIQ-based 

comparisons when correlations are above .35 and normative-based comparisons when 

correlations are below .35. The potential benefits of such an adjustment to the diagnostic criteria 

could lead to fewer false negative errors in those with an above average pIQ and a reduction of 

false positive diagnostic errors in those with a below average pIQ. However, additional research 

is needed to better understand the impact of this approach on MCI diagnosis in clinical samples. 

The current study has several limitations that may hinder the generalizability of the 

results. First, simulations used in this study were based on the psychometric properties of the 

AMNART, which is one of many methods for estimating pIQ. The AMNART was developed in 

1991 and validated against the WAIS-R. In the past several decades, updates to the WAIS have 

been published and new reading tests have been developed. For example, the Test of Premorbid 

Functioning (TOPF; Pearson Assessment, 2009) was designed in conjunction with, and validated 

against, the WAIS-IV (Wechsler, 2008). Our use of the AMNART for the current study was 

driven by the fact that we had access to individual item responses on the AMNART from a large 
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sample of older adults (Menon et al., 2013). This allowed us to use item response theory 

techniques to simulate individual item responses as part of our larger simulation procedures. In 

other words, for each simulated case, we could begin with a latent pIQ ability level, generate an 

expected pattern of item responses on the AMNART that was consistent with that latent ability 

level, use the item responses to generate a sum total of errors, and convert this error score to a 

pIQ score using the regression equation provided by Grober & Sliwinski (1991). Our lack of 

access to item-level data for other pIQ tests, such as the TOPF, was the reason for our use of the 

AMNART here. Although we have no reason to believe that the same pattern of results would 

not hold for other pIQ measures, more research is needed before concluding that the exact 

tipping point correlation of .35 identified for the AMNART would apply to other pIQ measures. 

The use of simulation also required us to make some assumptions that may not always 

be met by real data. For example, we assumed that the cognitive test under investigation was in 

possession of an internal consistency reliability coefficient of .90. Many tests used by 

neuropsychologists do not achieve this high level of reliability. Therefore, it is reasonable to 

wonder whether the results can be applied to tests with lower levels of internal consistency. To 

address this question, we re-ran our simulations using internal consistency values of .70 and .50, 

to more fully represent the psychometric properties of commonly used neuropsychological 

assessment instruments. As seen in the supplemental materials, manipulating the internal 

consistency values had a negligible influence over the pattern of results. These findings provide 

greater confidence that the conclusions drawn here do not depend upon the cognitive test having 

very high internal consistency reliability. We also assumed a correlation of .22 between cognitive 

test scores and years of education. This was necessary in order to incorporate years of education 

into the AMNART regression equation. However, in practice, some tests are likely to correlate 
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much more strongly or weakly with years of education. Finally, we defined the effect size 

magnitude of cognitive impairment as a standardized mean difference of -0.70 SD. We chose this 

medium-to-large effect size for several reasons. First, considerably larger population effect sizes 

in neuropsychology are rare. For example, even samples comparing participants with and 

without autopsy-confirmed Alzheimer’s disease tend to show domain-specific effect sizes 

ranging from -0.5 to -1.0 (Gurnani & Gavett, 2017). Second, in cases where the population effect 

size is considerably larger or smaller than -.70, there will be fewer disagreements between pIQ-

based comparisons and normative mean-based comparisons. However, it should be pointed out 

that this -0.70 SD value was set as the population mean; for individual simulated cases, the actual 

magnitude of cognitive impairment differed from simulation to simulation, but, averaged across 

the millions of simulations conducted, the cognitive impairment group’s mean cognitive test 

score converged upon -0.70. To supplement the data in this manuscript, we have developed a 

Shiny application to allow readers to run these simulations with their choice of inputs (Chang et 

al., 2021). This application can be accessed on the web at https://github.com/begavett/simulate-

piq. 

In addition to some of the technical limitations discussed in the preceding paragraphs, it 

is also important to emphasize the bigger picture limitations of this study. It is unlikely, or 

perhaps impossible, for a statistical simulation to incorporate all of the nuances faced by a 

neuropsychologist when assessing human participants or patients. For instance, our normative-

mean based approach avoided the issue of demographic corrections. It is possible that the results 

might have been different had our simulations attempted to account for variability in how 

demographic corrections (especially related to variables like education, race, and ethnicity) are 

applied when scoring and interpreting cognitive tests. Therefore, caution is warranted in applying 
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these results to clinical patients or research participants until additional research – especially 

with human participants – can further validate these findings. 

Despite some of the limitations with using statistical simulation to generate patterns of 

cognitive test scores, such an approach also has numerous advantages. First, by defining the 

simulation parameters in advance, we are able to set and know the “true” state of the simulated 

world, something which is difficult or impossible to do in human subjects research. For instance, 

knowing whether an individual patient truly has a particular neurological illness might require 

invasive neuroimaging techniques or, more likely, would require autopsy verification. Thus, 

although directly comparing the normative mean and pIQ-based approaches to one another in a 

large sample of human participants with a known neurological disorder might technically be 

feasible, it would not only be extremely resource-intensive, it would be highly prone to selection 

bias and the systematic manipulation of independent variables would be difficult or impossible. 

As such, the current findings provide novel and potentially valuable data pertinent to both 

research and clinical practice regarding the appropriate use of normative data and premorbid IQ 

estimates for the detection of cognitive impairment. 
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Table 1. Simulation Parameters 

Parameter Value(s) 

!!"#,% {.22, .44, .66} 

Cutoff score for “abnormal” classification 

(in standard deviation units) 

{-1.0, -1.5, -2.0} 

Base Rate of Cognitive Impairment (%) {10%, 40%, 70%} 

Nk 5,000,000 

k 27 

Note. !!"#,% = population correlation between pIQ and cognitive test score (X); Nk = per-

simulation sample size; k = number of simulations. 

 



Running Head: Premorbid IQ Simulation 25 

Table 2. Possible Disagreement Outcomes from Simulation Procedures 

Outcome Population Normative mean-

based approach 

pIQ-based 

approach 

Outcome 

(frequency) 

Odds Odds Ratio 

1 Cognitively Impaired “Normal”a “Abnormal”b TPpIQ 
!""#!"# =

%&!"#
'&!"#

 

!( = !""#!"#
!""#$%

 
2 Cognitively Normal “Normal”c “Abnormal”d FPpIQ 

3 Cognitively Impaired “Abnormal”b “Normal”a TPNM 
!""#$% = %&$%

'&$%
 

4 Cognitively Normal “Abnormal”d “Normal”c FPNM 

Note. TP = true positive; FP = false negative; NM = normative mean; pIQ = premorbid IQ; OR = odds ratio 

aFalse Negative 

bTrue Positive 

cTrue Negative 

dFalse Positive 
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Table 3. Rates of Disagreement between Normative Mean-Based Approach and pIQ-Based 

Approach 

 BR = 10%  BR = 40%  BR = 70% 

 z < -1 z < -1.5 z < -2  z < -1 z < -1.5 z < -2  z < -1 z < -1.5 z < -2 

!	= .22 19.4% 12.9% 6.4%  21.3% 15.9% 9.1%  23.1% 18.8% 11.7% 

! = .44 18.7% 11.3% 4.9%  21.2% 14.8% 7.5%  23.9% 18.2% 10.2% 

! = .66 17.4% 9.4% 3.4%  20.8% 13.2% 5.9%  24.2% 17.1% 8.3% 

Note. BR = base rate; z = cutoff score in standard normal units; !	= population correlation 

between pIQ and cognitive test score. All percentages were obtained by dividing the total 

number of observed disagreements by the total number of simulated cases (N = 5,000,000 per 

simulation). 
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Figure 1. Bar chart showing the odds ratios derived from simulations. Odds ratios greater than 1 

indicate that the pIQ-based approach was more accurate than the normative mean-based 

approach when used to predict whether an individual test score was sampled from the cognitively 

normal or the cognitively impaired population. Odds ratios of less than 1 favor the normative 

mean-based approach. Bar shading corresponds to differences in cutoff scores (scaled as z-

scores) used to define an observed test score as “normal” or “abnormal.” Facets represent three 

different base rates (BR) of cognitive impairment. Error bars represent 95% confidence intervals. 
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Figure 2. Scatterplot showing the odds ratios derived from simulations. Odds ratios greater than 

1 indicate that the pIQ-based approach was more accurate than the normative mean-based 

approach when used to predict whether an individual test score was sampled from the cognitively 

normal or the cognitively impaired population. Odds ratios of less than 1 favor the normative 

mean-based approach. The trend line shows the line of best fit (linear) through the data. Error 

bars represent 95% confidence intervals. 


