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Abstract  

Introduction: Mean cognitive performance is worse in amnestic mild cognitive impairment 

(aMCI) compared to control groups. However, studies on variability of cognitive performance in 

aMCI have yielded inconclusive results, with many differences in variability measures and 

samples from one study to another.  

Methods: We examined variability in aMCI using an existing older adult sample (n=91; 51 with 

aMCI, 40 with normal cognition for age), measured with an online self-administered 

computerized cognitive assessment (Cogniciti’s Brain Health Assessment). Our methodology 

extended past findings by using pure measures of variability (controlling for confounding effects 

of group performance or practice), and a clinically representative aMCI sample (reflecting the 

continuum of cognitive performance between normal cognition and aMCI). 

Results: Between-group t-tests showed significantly greater between-person variability 

(interindividual variability or diversity) in overall cognitive performance in aMCI than controls, 

with a small to moderate effect size, d = 0.44. No significant group differences were found in 

within-person variability (intraindividual variability) across cognitive tasks (dispersion) or 

across trials of a response time task (inconsistency), which may be because we used a sample 

measuring the continuum of cognitive performance. Exploratory correlation analyses showed 

that a worse overall score was associated with greater inter- and intraindividual variability, and 

that variability measures were correlated with each other, indicating people with worse cognitive 

performance were more variable. 
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Discussion: The current study demonstrates that self-administered online tests can be used to 

remotely assess different types of variability in people at risk of Alzheimer`s. Our findings show 

small but significantly more interindividual differences in people with aMCI. This diversity is 

considered as ‘noise’ in standard assessments of mean performance, but offers an interesting and 

cognitively informative ‘signal’ in itself.  

Keywords 

Mild cognitive impairment (MCI), cognition, episodic memory, online tests, intraindividual 

variability, individual differences  
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Neurodegenerative changes from Alzheimer’s disease begin many years before a formal 

diagnosis, often in the absence of marked cognitive or functional symptoms (Jack et al., 2013; 

Serrano-Pozo et al., 2011; Villemagne et al., 2013), making reversal of the disease highly 

unlikely (Petersen, 2003). The prodromal or pre-clinical stage of Alzheimer’s disease has 

therefore received growing interest, with the hope of developing disease-modifying 

interventions. Amnestic mild cognitive impairment (aMCI) reflects a transitional phase between 

normal cognitive aging and dementia, most commonly due to Alzheimer’s disease (Damian et 

al., 2014; Petersen et al., 1999). It is characterized by memory impairment and preservation of 

daily functioning (N. D. Anderson, 2019; Petersen, 2004; Petersen et al., 1999, 2001; Winblad et 

al., 2004).  

People diagnosed with aMCI perform more poorly, on average, than controls with normal 

cognition for age on event (episodic) memory (particularly tasks of associative recognition), 

interference control, set shifting, and working memory (N. D. Anderson et al., 2008; Belleville et 

al., 2007; Bennett et al., 2006; Brandt et al., 2009; Dudas et al., 2005; Gorus et al., 2008; Irish et 

al., 2011; Koen & Yonelinas, 2014; Rabi et al., 2020; Saunders & Summers, 2011; Serra et al., 

2010; Traykov et al., 2007; Troyer et al. 2008, 2012; Westerberg et al., 2006; Zhang et al., 2007). 

However, a limitation of studying mean performance is that aggregating data across people to 

calculate the group mean loses potentially useful information about variability between 

participants. Studies typically also aggregate data within each person, either across trials to 

create a single task score or across tasks to create a single overall/composite score, thus losing 

potentially useful information about variability within participants.  
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Variability in aMCI 

In the current investigation, we look beyond the standard measure of mean group 

performance to examine variability within groups and individuals with aMCI. We examine 

variability in three ways, (1) between people (interindividual variability or diversity), (2) within 

people (intraindividual variability) across tasks (dispersion or cross-domain variability), and (3) 

within people across trials (inconsistency or per-trial variability; Hultsch et al., 2002; Stuss et al., 

2003). Diversity is calculated by how far each person’s performance on a cognitive task deviates 

from the group average. Dispersion is calculated by the average deviation of each person’s 

performance across cognitive tasks. Inconsistency is calculated by the average deviation of each 

person’s performance across trials of one cognitive task. Both dispersion and inconsistency 

measure intraindividual performance fluctuations, but the former does so using one measure per 

task (typically both response time and accuracy tasks), while the latter using trials of a single 

task (typically a response time task). 

Diversity (Interindividual Variability) 

Studies that directly measured diversity have yielded inconclusive findings. Increased 

diversity was found in aMCI groups compared to control groups on some measures of processing 

speed and accuracy, but not on other measures of the same abilities (Gorus et al., 2008; 

Ramratan et al., 2012).  

Dispersion (Intraindividual Variability Across Tasks) 

Studies have yielded inconclusive findings on group differences in dispersion between 

control groups and aMCI groups, and whether dispersion was associated with a higher likelihood 
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of being classified as having aMCI (Costa et al., 2019; Kälin et al., 2014; c.f., Halliday et al., 

2018; Roalf et al., 2016). However, greater dispersion is associated with greater odds of 

progression from typical aging to MCI, and from MCI to Alzheimer’s dementia (E. D. Anderson 

et al., 2016; Brewster et al., 2002; Gleason et al., 2018; Holtzer et al., 2008; Koscik et al., 2016; 

MacDonald et al., 2012; Roalf et al., 2016; Vaughn et al, 2013; Watermeyer et al., 2020). 

Differences between group studies and longitudinal progression studies on dispersion may be 

explained by the finding that not all people diagnosed with aMCI progress to Alzheimer’s 

disease (Clark et al., 2012; Cloutier et al., 2015; Ganguli et al., 2011; Jak et al., 2009; Mitchell et 

al., 2009; Petersen et al., 2001; Roberts et al., 2014; Tabert et al., 2006; Twamley et al., 2006). A 

meta-analysis of studies also showed a moderate positive association across studies of elevated 

dispersion in mixed MCI types compared to controls (Aita, 2020).  

Inconsistency (Intraindividual Variability Across Trials) 

Similar to dispersion, studies have yielded inconclusive findings on group differences and 

diagnostic accuracy of inconsistency between control groups and aMCI groups (Chow et al., 

2021; Christensen et al., 2005; Costa et al., 2019; Kay et al., 2017; Lu & Lam, 2017; 

McLaughlin et al., 2010; Ramratan et al., 2012; Strauss et al., 2007; Troyer et al., 2016; c.f., 

Gorus et al., 2008; Kay, 2017; Phillips et al., 2013; Tales et al., 2013; Tarnanas et al., 2015). As 

with dispersion, greater inconsistency is associated with greater odds of progression from normal 

aging to MCI, and from MCI to Alzheimer’s dementia (Bielak et al., 2010; Haynes et al., 2017; 

Kochan et al., 2016; Ramratan, 2016; Tales et al., 2012), and a meta-analysis also supported a 

small positive association across studies between elevated inconsistency in mixed MCI types 

compared to controls (Aita, 2020). 
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Differences Between Past Studies on Variability in aMCI 

In addition to differences in results between studies, reviews suggest many differences in 

methodology between studies on variability in aMCI (Aita, 2020; Costa et al., 2019). In 

particular, notable differences were observed in the measurement of variability and the type of 

sample used, both of which will influence the results obtained.  

Measurement of Variability 

Group mean performance is a major confounding variable for diversity and dispersion 

calculations. Greater variance is associated with more extreme means (e.g., slower reaction times 

or lower accuracy), and mean-level performance is expected to differ between groups, with more 

extreme scores for the aMCI group. Most past studies did not account for mean performance, 

leaving it unclear whether existing findings of greater diversity and dispersion in aMCI are an 

artifact of group mean differences. For example, reaction times on the Stroop task may be more 

spread out in aMCI groups compared to control groups, which suggests more diversity in aMCI, 

but this greater diversity may be simply due to aMCI groups having slower response times rather 

than true group differences in variability.  

Meanwhile, trial order is a major confounding variable for inconsistency calculations. 

Trials of the same difficulty level will show a greater task effect for trials that occur earlier than 

trials that occur later (as participants learn the task and adapt their strategies over time), and 

fatigue may influence performance on later trials. It is important to account for when a trial 

occurs, relative to others, when calculating variability across trials. 
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We use a purified residuals technique designed to control for confounding effects prior to 

calculating variability (Hultsch et al., 2000, 2002). Substantial individual differences in 

interindividual or intraindividual variability have been found in normal aging using this 

procedure, even after controlling for group effects of age or cognitive impairment status (e.g., 

Dixon et al., 2007; Hultsch et al., 2000, 2002), including on the BHA  (LaPlume et al., in press). 

Researchers using this procedure found elevated inconsistency in aMCI (Chow et al., 2021; 

Troyer et al., 2016), but not dispersion (Halliday et al., 2018).  

The Importance of Sampling in Understanding aMCI 

Another factor contributing to prior mixed results in that studies differ in how they 

sample groups of aMCI and matched controls. Group difference studies treat aMCI as a 

relatively homogenous stage (an assumption built into the study of group means), but it actually 

reflects a continuum between normal cognitive aging and dementia (Freitas et al., 2013). 

Classification into aMCI or normal aging thus requires a binary division of a continuum of 

ability. Individuals with aMCI are characterized by memory impairments, but there is some 

overlap in cognitive performance between aMCI and normal aging groups. Non-impaired 

individuals who perform below average on cognitive tasks are more similar in cognitive 

performance to aMCI groups than to non-impaired individuals who perform at or above average 

on cognitive tasks (Ylikoski et al., 1999). Similarly, individuals with aMCI who do not progress 

to dementia show similar cognitive performance to non-impaired older adults, and show better 

cognitive performance than those who do progress, on episodic memory and executive function 

measures (Cloutier et al., 2015). This overlap in cognitive ability creates a ‘gray’ area of 
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performance between normal aging and aMCI (Freitas et al., 2013), and poses a difficulty for 

between-group comparison studies.  

The difficulty of differentiating between normal aging and aMCI is also seen in the 

heterogeneity of outcomes in aMCI: Some people classified with aMCI at a point in time will 

revert to normal cognition, while others classified as having normal cognition may later be 

diagnosed with dementia without ever having being classified as aMCI (Clark et al., 2012; 

Cloutier et al., 2015; Ganguli et al., 2011; Jak et al., 2009; Mitchell et al., 2009; Petersen et al., 

2001; Roberts et al., 2014; Tabert et al., 2006; Twamley et al., 2006). Heterogeneity occurs in 

aMCI even for groups screened to be as homogeneous as possible (Palmer et al., 2002; Halliday 

et al., 2018). As there are many potential factors impacting cognitive function, and whether/how 

frequently an individual’s cognition is assessed, a diagnosis into one group or another is 

therefore difficult for individuals who fall into the gray area.  

Understanding the gray area is crucial for improving the early detection of prodromal 

AD, and its differentiation from normal cognitive aging. Therefore, our sample includes older 

adults who were easily classified with aMCI (e.g., those with lower than expected performance 

on multiple memory tests) or normal cognition (e.g., those with scores in the expected range on 

all cognitive tests), as well as those in between who were more difficult to classify (e.g., those 

with less obvious memory impairments, but with scores somewhat below expectation on some 

tasks).  We did this by accepting all individuals into the study that were functionally unimpaired 

and met other inclusion criteria, and by using a consensus approach to applying research-based 

diagnostic criteria (using gold standard neuropsychological assessment with consensus diagnosis 

by three clinical neuropsychologists). Borderline cases were not excluded. As a result, 
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recruitment was not restricted to those with extreme neuropsychological profiles (i.e., ‘clean’ 

groups of people who were easily classifiable as aMCI or controls using a neuropsychological 

battery), but rather was tailored to include a continuous sample that was representative of the 

spectrum of performance, as might be seen in a typical clinical setting. This sampling technique 

is not always used in aMCI research, which tends to select ‘cleaner’ aMCI and control groups, 

but is typical of clinical practice, in which all individuals are accepted.  

A Self-Administered Online Cognitive Assessment 

In the current study, we examined variability in cognitive performance using a self-

administered computerized online test, Cogniciti’s Brain Health Assessment (BHA, Troyer et al., 

2014). The BHA includes online versions of four neuropsychological tasks. Tasks were 

specifically selected and designed to detect early cognitive impairment and to be suitable for 

older adults and for people with basic computer skills (Troyer et al., 2014).  

Although not tested as extensively as some standard neuropsychological tasks, the BHA 

tasks show adequate internal consistency, test-retest reliability, alternate version reliability, and 

construct validity (Troyer et al., 2014), as well as adequate convergent validity when compared 

to clinician-administered neuropsychological tests of the same constructs (Paterson et al., 2021). 

The BHA also demonstrates similar diagnostic accuracy to the widely-used Montreal Cognitive 

Assessment (Nasreddine et al., 2005) and has good diagnostic accuracy for aMCI identified 

using a gold-standard neuropsychological assessment (Paterson et al., 2021). 

Remote digital technology is becoming more common in clinical and experimental 

neuropsychology. Validation studies have shown that internet testing can have comparable 
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reliability to lab testing on cognitive tasks of memory and attention (Chetverikov & Upravitelev, 

2016; Crump et al., 2013; de Leeuw & Motz, 2016; Enochson & Culbertson, 2015; Hilbig, 2016; 

Reimers & Stewart, 2007, 2015; Slote & Strand, 2015). Computerized cognitive measures have 

also been used to facilitate detection of subtle and early signs of Alzheimer’s disease (Tarnanas 

et al., 2015; Ramratan et al., 2012), and the current test is one of few tests shown to be suitable 

for aMCI (Paterson et al., 2021). On the other hand, concerns have been expressed on the lack of 

a controlled testing environment, reliability of response time data due to 

software/hardware/device variability, accuracy of self-reported information, internet 

connectivity, a person’s familiarity with computers, etc. (Bauer et al., 2012; Feenstra et al., 2017; 

Germine et al., 2019 ; Iverson et al., 2009; Miller & Barr, 2017; Parsons et al., 2018). Overall, 

the benefits of online testing may outweigh the concerns, but attention should be paid to 

maximize reliability and accuracy of the collected data (Germine et al., 2019; Miller & Barr, 

2017; Reimers & Stewart, 2015). To minimize issues, the current data involves a previously 

validated test that was appropriate for the study sample, subjects completed the test at a memory 

clinic (which offered a more controlled environment, minimized distractions, removed 

software/hardware/device variability, and ensured internet connectivity), data were examined 

and cleaned for outliers (n = 2), ability to use a computer was an inclusion criterion (and one 

individuals who reported familiarity with computers but was unable to use a mouse/laptop was 

removed, n = 1), and all reported background data (e.g., age, sex) were verified with data 

collected in an interview with a neuropsychologist (Paterson et al., 2021).  
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The Current Study 

In the current study, we extend the findings on mean group differences to study 

variability across people, tasks, and trials in aMCI. We do this by (a) using a pure measure of 

variability (controlling for confounding effects), and (b) using a clinically representative MCI 

group (including people who are difficult to classify), as discussed above. We use an existing 

dataset, in which individuals with aMCI had significantly lower scores on the BHA than a 

normal aging group, with a large effect size, d = 0.86 (Paterson et al., 2021). However, 

variability was not previously measured in this sample. 

The inconclusive findings from past studies mean that our hypotheses are exploratory. 

Meta-analytic and longitudinal past findings indicate that we may expect greater variability on 

all three measures in the aMCI group compared to the control group. However, no studies have 

replicated these differences using both pure measures of variability and a clinically relevant 

sample. 

Materials and Methods 

Participants and Procedure 

Existing data were used from a previous investigation (Paterson et al., 2021). The sample 

consists of 91 individuals, 51 diagnosed with aMCI and 40 age-matched controls with no 

cognitive impairment. A control group with no cognitive impairment was needed to ensure the 

internal validity of the research, by providing a baseline to ensure that findings associated with 

aMCI were not due to other factors. The sample was recruited from referrals for clinical 

neuropsychological assessment to a memory clinic or from a participant database at a hospital for 
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older adults (Baycrest). Participants were approached for study participation if they matched the 

inclusion/exclusion criteria. 

Demographic characteristics and test scores for each group are reported in Table 1. 

Participant groups were on average in their mid-seventies, included both men and women, and 

were well educated. There were no significant differences between the aMCI and control group 

on age, education, or sex. The dependent variables were normally distributed for both groups, as 

indicated by normality plots and published criteria to assess normality (skew<2, kurtosis<7; 

West et al., 1995). 

As outlined in the original report (Paterson et al., 2021), all participants received a 

standard clinical interview as a part of their neuropsychological assessment, which included 

collection of information about demographics, sensory ability, physical symptoms, cognitive 

concerns, medical history, medications, mood, and daily functioning. This information was 

considered in diagnosis, as in standard clinical neuropsychological practice. Participants were 

excluded if they lacked abilities needed to complete the cognitive tests adequately (visual acuity, 

hearing, English language proficiency, reading ability, and inability to use a computer). 

Participants were also excluded if they reported functional impairments, or had observable 

clinical features of neurodegenerative disease other than AD, a history of brain tumour, stroke, 

seizures, traumatic brain injury, more than two lacunar infarcts on brain imaging, current cancer, 

untreated sleep apnea, substance abuse history in the past six months, and other neurological or 

psychiatric conditions that could influence cognitive performance (such as moderate to severe 

depressive or anxiety symptoms). For complete details on recruitment and eligibility criteria 

refer to Paterson and colleagues (2021).  
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All participants completed a full neuropsychological assessment, the Montreal Cognitive 

Assessment (MoCA; Nasreddine et al., 2005), and Cogniciti’s Brain Health Assessment (BHA) 

on the same day. Administration of the neuropsychological tests, MoCA, and BHA was 

counterbalanced across participants to control for practice or exposure effects from transfer of 

skill between similar tasks. The study protocol was approved by the Research Ethics Board at 

Baycrest (#REB# 09-02). 

Neuropsychological Assessment and aMCI Diagnosis 

The neuropsychological assessment was conducted by a licensed clinical 

neuropsychologist (TP), and the tests were administered by the neuropsychologist or by a 

research assistant or graduate student working under the direct supervision of the 

neuropsychologist. The assessment included a semi-structured clinical interview and 

standardized cognitive tasks. The interview was used to collect demographic information, 

determine presence or absence of a memory concern, and evaluate functional ability. The test 

battery assessed intellectual ability (Vocabulary, Matrix Reasoning; Wechsler, 1999), processing 

speed (Digit-Symbol Coding; Wechsler, 1997), language (Verbal Fluency, Boston Naming Test; 

Leach et al., 2000; Kaplan et al., 2001), visuospatial abilities (Spatial Location, Clocks; Leach et 

al., 2000), memory (Word Lists, Complex Figure, Logical Memory, Digit-Symbol Incidental 

Recall; Leach et al., 2000; Wechsler, 1987; Wechsler, 1997), and executive function (Trail 

Making Test, Color-Word Interference Test; Army Individual Test Battery, 1944; Delis et al., 

2001). Information on functional status was obtained using the Instrumental Activities of Daily 

Living Questionnaire (IADL; Lawton & Brody, 1969) from all individuals, and from a 
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significant other where possible (52% of the total sample). The assessment lasted for three to 

four hours.  

Three neuropsychologists (co-authors AT, KS, and BL) used the neuropsychological 

assessments to classify participants with aMCI or normal cognition for age by consensus. All 

three neuropsychologists were blinded to participants’ performance on the MoCA and BHA. 

Diagnosis of aMCI was done using National Institute on Aging-Alzheimer’s Association criteria 

(Albert et al., 2011), and was generally considered when objective memory impairment (defined 

as deficits relative to expected performance for the participant’s age, education, and intellectual 

status) was present on at least two out of four memory tests. Participants with impairments on 

fewer than two tests within any cognitive domain were classified with normal cognition. The 

aMCI group includes individuals diagnosed with single-domain aMCI (n = 36), multiple-domain 

aMCI (n = 14), or who could not be distinguished between single and multiple-domain aMCI (n 

= 1). Those with impairments only in non-memory cognitive domains were excluded from the 

study as the focus was on aMCI as a precursor to Alzheimer’s disease specifically.   

Brain Health Assessment 

Participants completed the Brain Health Assessment, a free self-administered online 

computerized test designed for older adults concerned about their memory (www.cognitici.com). 

Full details of the tasks and their development can be accessed in the original paper (Troyer et 

al., 2014). Participants individually completed the test in a quiet room at the testing location 

using a laptop and a mouse. They were instructed to follow the instructions on screen, and were 

unsupervised while doing the test. 
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The BHA involves four cognitive tests, presented in the following order: (a) a Spatial 

Working Memory task, measuring working memory for shapes and locations, in which 

participants match pairs of shapes by remembering their locations on a 4 x 3 grid over three 

trials, by clicking on grid tiles to uncover shapes with the goal of finding all pairs in as few clicks 

as possible; (b) a Face-Name Association task, measuring associative recognition, in which 

participants complete a recognition test for learned pairs of faces and names; (c) a number-word 

Stroop task, measuring interference control, in which participants count the number of words for 

neutral (e.g., “call call”), congruent (e.g., “two two”), and incongruent (e.g., “three three”) 

stimuli; (d) a Letter-Number Alternation task (an online version of the Trails B task), measuring 

set shifting and attention control, in which participants clicked alternating numbers and letters in 

ascending order. Practice trials with feedback were provided for the Stroop and Letter-Number 

Alternation tasks. Visual examples were provided for all tasks.  

A single representative measure per task was used: the total number of clicks for the 

Spatial Working Memory task (combining Trials one, two, and three), the median response time 

on the incongruent condition for the Stroop task (because it combines baseline speed and 

interference effects, and is more appropriate for the non-normal response time distribution), the 

accuracy rate for the Face-Name Association task, and the completion time for the Letter-

Number Alternation task. Scores per task were converted to age-corrected z-scores based on 

normative data (Troyer et al., 2014). The overall BHA score was calculated as an average of the 

individual task z-scores. 
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Variability Measures 

A purified residuals procedure was used following previously published guidelines, in 

which effects of confounding factors (group or trial position) were removed before calculating 

variability measures (Hultsch et al., 2002). Purified residuals scores were obtained by linear 

regression models (in which confounding factors were the predictor and the target variable was 

the dependent measure), separately for each participant, and then used to calculate variability.  

Diversity across people was measured using the overall BHA score. Linear regression 

was run with the overall score as the dependent variable, and the group as the predictor variable, 

to create residual scores uncontaminated by group differences in performance. Absolute scores 

were calculated using the purified residuals to remove negative values, and used as the index of 

diversity. Low values reflect similar performance (i.e., less variability) amongst different 

individuals, while larger values reflect a greater range in performance across people. 

Dispersion across tasks was measured using individual task scores, with a single 

representative score per task. Linear regressions were run with each task score as the dependent 

variable, and the group as predictor, to create residual scores uncontaminated by group 

differences in performance. Intraindividual standard deviations were calculated for each 

individual across the purified residuals from each task, and used as the index of dispersion. Low 

values reflect relatively similar performance (i.e., less variability) across tasks for an individual, 

while large values reflect uneven performance across tasks.  

Inconsistency across trials was measured using Stroop task trials (with response times per 

trial). The Stroop task was used because it has the highest number of trials (90 trials in total, 30 
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per condition: Neutral, Incongruent, Congruent), and is a response time task (which aligns with 

the past literature measuring inconsistency using response time tasks, and is ideal as response 

time based measures are more sensitive than accuracy to variability across trials). Linear 

regressions were run with each trial response score as the dependent variable, and the trial 

number as the predictor variable, to create residual scores uncontaminated by mean performance, 

or practice or fatigue effects from trial order. Intraindividual standard deviations were calculated 

for each individual across the purified residuals from each trial, and used as the index of 

inconsistency. Low values reflect relatively similar performance (i.e., less variability) across 

trials for an individual, while large values reflect uneven performance across trials.  

Analyses 

Analyses and data processing were conducted with the R language and environment for 

statistical computing (R Core Team, 2020). Calculation of intraindividual variability was 

conducted with the SAS/STAT software version 15.2 and the SAS System for Windows version 

9.4. Copyright © 2016 SAS Institute. Raincloud distribution plots were selected for data 

visualization as they provide maximal information about the data, by displaying raw jittered data 

(to show individual performance) as well as statistical values of mean performance, confidence 

intervals, and a split-half violin to display summaries of the data (Allen et al., 2021).  

We did not correct for multiple comparisons because each analysis used different data 

(the overall score for diversity, one measure per task for dispersion, and Stroop trials for 

inconsistency), and tested a separate hypothesis (a group effect on diversity across people, on 

dispersion across tasks, and on inconsistency across trials). The separate hypotheses were 

selected prior to analyses. Further, multiple comparisons lead to inconsistency across studies (as 
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the number of tests conducted varies across studies), and the number of analyses conducted 

should not influence the conclusion for each analysis provided each analysis has an independent 

hypothesis (Cribbie, 2017).  

Results 

Group Differences 

Welch independent-samples t-tests (Welch, 1947) were conducted to compare cognitive 

performance between age-matched control and aMCI groups. The Welch t-test was selected as 

variances were not expected to be equal between groups.  

Diversity Across People 

There was a significant difference in diversity on the overall score between groups, t(89) 

= -2.13, p = .04, and a small to moderate effect size (Table 1; Cohen, 1988), indicating that there 

was more variability among people in the aMCI group than the control group (Figure 1).  

Dispersion Across Tasks 

There was no significant difference for dispersion across the four task scores, t(87) = 

-1.29, p = .20, with a small effect size (Table 1), indicating that variability within a person across 

tasks was similar for both groups (Figure 1). Individual performance profiles showed that 

different people showed deviations from their typical performance (the drops in lines) on 

different tasks (Figure 2).  
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Inconsistency Across Trials 

There was no significant difference for inconsistency in responses on the Stroop task, t 

(83) = -0.81, p = .42, with a negligible effect size (Table 1), indicating that variability within a 

person across trials was similar for both groups (Figure 1). 

Correlation Analyses 

The significant group effects on diversity (Figure 1), along with visual examination of the 

intraindividual variability scores (Figure 2), indicated that there were significant inter-individual 

differences in the current sample, with some individuals in the aMCI group more variable than 

others. We ran exploratory correlational analyses using Pearson correlations, to examine whether 

interindividual differences in overall cognitive performance were associated with variability 

measures, and whether variability measures were associated with each other. 

Correlations with Overall Performance. 

Overall Performance and Diversity Across People. Diversity and overall cognitive 

performance were negatively correlated in the control and aMCI groups, with large and medium 

effect sizes, r(38) = -.62, p < .0001, r
2
 = .38, and r(49) = -.43, p = .002, r

2
 = .18, respectively 

(Gravetter & Wallnau, 2009). 

Overall Performance and Dispersion Across Tasks. Dispersion and overall cognitive 

performance were negatively correlated in the control and aMCI groups, with large effect sizes, 

r(38) = -.60, p < .0001, r
2
 = .36, and r(49) = -.66, p < .001, r

2
 = .44, respectively. 
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Overall Performance and Inconsistency Across Trials. Inconsistency and overall 

cognitive performance were negatively correlated in the control and aMCI groups, with large 

effect sizes, r(38) = -.50, p < .0001, r
2
 = .25 and r(49) = -.70, p < .0001, r

2
 = .49, respectively. 

Correlations Among Variability Measures 

Diversity Across People and Dispersion Across Tasks. Diversity and dispersion were 

positively correlated in the control and aMCI groups, with medium effect sizes, r(38) = .42, p = 

.01, r
2
 = .18, and r(49) = .46, p = .001, r

2
 = .21, respectively. 

Diversity Across People and Inconsistency Across Trials. Diversity and inconsistency 

were positively correlated in the control and aMCI groups, with medium effect sizes, r(38) = .47, 

p = .002, r
2
 = .22, and r(49) = .44, p = .001, r

2
 = .19, respectively. 

Dispersion Across Tasks and Inconsistency Across Trials. Dispersion and inconsistency 

were not correlated in the control group, r(38) = .20, p = .22,  but were positively correlated in 

the aMCI group with a large effect size r(49) = .57, p < .0001, r
2
 = .32. 

 Discussion 

We examined variability in cognitive performance across people, tasks, and trials 

(diversity, dispersion, and inconsistency) in an existing sample measured with a digital web-

based cognitive assessment designed for early detection of cognitive impairment (Paterson et al., 

2021; Troyer et al., 2014). At an aggregate level, the group diagnosed with aMCI had more 

diversity than a group with normal cognition for their age, with a small to moderate effect size. 
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At an individual level, people with more higher interindividual variability also had more 

intraindividual variability across tasks and trials in both groups.  

Our results suggest that clinicians should keep in mind that there is slightly more 

diversity in cognitive performance across people with aMCI than among those with normal 

cognition for their age. Knowing there is greater diversity in aMCI than in normal aging likely 

would make clinicians more cautious rather than more confident about applying a clinical 

diagnosis of aMCI. This variability highlights the continued importance of appropriate referral 

for more extensive neuropsychological assessment, especially in less clear-cut cases. The 

elevated diversity indicates that individuals with aMCI do not perform similarly as a group, 

which emphasizes the importance of focusing on the individual during the clinical decision 

process within neuropsychological practice (e.g., how far an individual’s memory score differs 

from a baseline measure such as IQ). Some individuals may have better scores than the group 

average in aMCI, but may still have poorer performance on some domains relative to their 

individual performance on non-impaired domains. 

From a research perspective, our results suggest that it is useful to look beyond the mean 

to examine interindividual differences when studying aMCI. The majority of the aMCI literature 

compares the average cognitive performance between groups. Although most studies report 

diversity to some extent (at the very least by displaying group standard deviations in addition to 

group average), it is used to control for group variability when comparing group means rather 

than being a variable of interest in itself. In the current study we instead compared group 

diversity after controlling for average group performance. While the standard approach of 

focusing on group means treats individual differences as error variance or ‘noise’, our findings 
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suggest that individual differences reflect a ‘signal’ by offering additional useful information to 

mean performance.  

In addition to group variability, we studied intraindividual variability across tasks and 

trials (i.e., dispersion and inconsistency). We did not find any group differences on 

intraindividual variability. Instead, worse cognitive performance was associated with greater 

intraindividual variability, regardless of group status. Thus, intraindividual variability did not 

provide additional information beyond mean performance for the current study, which may be 

because we accounted for confounding effects on variability measures (group performance or 

practice), and used a clinically representative sample that measured the continuum of cognitive 

performance. It is also possible that elevated dispersion and inconsistency are more easily 

demonstrable in later stages of neurocognitive decline —group differences in dispersion and 

inconsistency are reliably found between normal aging or aMCI and Alzheimer’s disease (E. D. 

Anderson et al., 2016; Bielak et al., 2010; Brewster et al., 2002; Gleason et al., 2018; Haynes et 

al., 2017; Holtzer et al., 2008; Kochan et al., 2016; Koscik et al., 2016; MacDonald et al., 2012; 

Ramratan, 2016; Roalf et al., 2016; Tales et al., 2012; Vaughn et al., 2013; Watermeyer et al., 

2020), but are less reliably found between normal aging and aMCI (e.g., Halliday et al., 2018; 

Kälin et al., 2014; Roalf et al., 2016).  

Overall, we demonstrate that online assessments can be used to measure variability in 

cognitive performance in normal aging and individuals with aMCI, in addition to standard 

measurements of mean performance. The BHA is computerized and online, making it more 

practical than traditional in-person neuropsychological assessments. Moreover, the BHA is self-

administered, while other popular digital assessments are not (e.g., Cambridge 
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Neuropsychological Test Automated Battery, CANTAB, or the National Institutes of Health, 

NIH, toolbox; Fray et al., 1996; Gershon et al., 2010).  

Connection to Past Studies on Variability in aMCI and Insights for Future Work 

Long-term evidence shows heterogeneity (i.e., between-person differences) in the 

outcomes (and thus underlying aetiology) of people with aMCI; some go on to develop AD, 

others develop another form of dementia, while others revert back to normal cognition (Ganguli 

et al., 2011; Jak et al., 2009; Libon et al., 2010; Mitchell et al., 2009; Petersen et al., 2001; 

Roberts et al., 2014; Sachdev et al., 2013; Schneider et al., 2009; Tabert et al., 2006). However, 

while many studies have examined heterogeneity in outcomes for aMCI groups, few studies have 

examined heterogeneity in cognitive performance for aMCI groups. Our finding of more 

interindividual variability in the aMCI group than the normal cognitive aging group parallels 

evidence of high interindividual variability in aMCI outcomes. 

The number and type of tasks used to measure variability may explain the differences in 

past findings. We followed current practice of measuring inconsistency using trials of a single 

response time task, and dispersion or diversity using different tasks (Hultsch et al., 2002). The 

tasks used to measure inconsistency are similar across studies, but the tasks used to measure 

dispersion vary across studies, with dispersion measurements ranging from two to 15 tasks, and 

from speeded tasks only, accuracy tasks only, or both types (Aita, 2020; Costa et al., 2019; 

Duchek et al., 2009; Gorus et al., 2008; Gleason et al., 2018; Kalin et al., 2014; McLaughlin et 

al., 2010; Vaughn et al., 2013). We followed recommendations on task selection for dispersion, 

namely to include a broad cognitive battery, with tasks measuring cognitive abilities shown to 
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differ between aMCI and control groups, a combination of speed and accuracy measures 

(Hilborn et al., 2009; MacDonald et al., 2012; Ownby et al., 2004).  

Our findings are specific to the cognitive tasks in the online assessment used in the 

current study, although these were selected as they collectively screen for cognitive impairment, 

and are also similar to typical tasks used in neuropsychology research and clinical practice. A 

representative measure was used per task (Troyer et al., 2014), but we did not expect that results 

would vary considerably for other measures, since a meta-analysis showed no major differences 

on predictive accuracy from MCI to Alzheimer’s disease between different measures of the same 

ability (e.g., delayed versus immediate recall, cued versus free recall for episodic memory; 

Belleville et al., 2017).  

Future work can examine whether variability in cognitive performance differs between 

amnestic and non-amnestic MCI, single-domain and multiple-domain aMCI (e.g., see Chow et 

al., 2021). In the current study, although both types were present in our sample, there was not 

enough power to separate single- and multiple-domain aMCI. 

It could be argued that the aMCI group, by definition, would be expected to be more 

variable over tasks. Therefore one may expect larger deviations between memory and non-

memory tasks (i.e., more variability) in the aMCI group (who were primarily defined by an 

amnestic impairment) than the control group. However, observed mean group differences for the 

current sample, and findings from past studies, show that the aMCI group had poorer 

performance than the control group on all cognitive abilities measured, including non-memory 
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abilities (Belleville et al., 2007; Brandt et al., 2009; Paterson et al., 2021; Rabi et al., 2020; 

Saunders & Summers, 2011; Traykov et al., 2007; Zhang et al., 2007). 

Strengths and Limitations 

Although the BHA can be completed at home, in the current study it was completed by 

participants in a quiet room at the testing location, which could limit the generalizability of 

findings. However, experimental studies have also shown no differences in online cognitive task 

performance between people randomly assigned to a home or research testing location (Hilbig, 

2016). Further, the obtained cognitive scores from the control group are nearly identical to very 

large samples of individuals in the same age range who did complete the test in their own homes 

(LaPlume et al., in press; Troyer et al., 2014).  

The sampling methodology in the current study (of measuring the spectrum of cognitive 

performance between normal aging and aMCI) is representative of the challenges of diagnosis 

and of what aMCI looks like in clinical practice. Differences between aMCI and control groups 

are not always clear-cut (Cloutier et al., 2015; Freitas et al., 2013; Ylikoski et al., 1999). While it 

may seem ‘cleaner’ to measure groups at ends of this continuum in empirical investigations, or to 

drop people who are difficult to classify, sampling wide distributions was done to understand 

borderline cases (people in the ‘gray area’ between aMCI and normal cognition).  

We could have included a third group of individuals to directly study the gray area of 

borderline cases, but a third group would have lowered the sample size and therefore the power 

to detect an effect, because the number of borderline cases were low, and power is based on the 

group with the smallest sample size. More importantly, we wanted to reflect the clinical reality 
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that not all cases are clear, and yet borderline individuals are classified into one group or another. 

Further, group assignment was made using holistic clinical diagnosis by professional 

neuropsychologists and published criteria (Albert et al., 2011), as would be the case in standard 

clinical practice, with consensus agreement of three neuropsychologists offering additional 

certainty. Although impairments on the neuropsychological tests were more subtle for borderline 

individuals than is often the case in empirical studies, there were still signs from the 

neuropsychological profile that indicated aMCI.   

The operationalization of aMCI can differ between studies. As a result, there are 

significant differences between study samples, greater than those that would be expected from 

random sampling from one study to another (Aita, 2020). In the current study, published criteria 

were used (Albert et al., 2011), along with consensus diagnosis by three clinical 

neuropsychologists to increase reliability.  

Effect sizes for group differences were negligible to medium. The small effect sizes mean 

that our sample sizes would have had limited power to detect true effects. Larger samples may 

have enabled us to detect these effects, but they may still be small. However, a sampling 

approach of ‘cleaner’ groups rather than a clinical representative sample may produce larger 

effect sizes from more pronounced group differences.  

Measurement of variability is dependent on whether the measures used allow spread in 

the data. Not all tasks are designed to allow for spread in performance; they may yield skewed 

distributions, or show floor or ceiling effects. A strength of the diversity measurement in the 

current study is that all tasks had adequate normative distributions, allowing comparison of 
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variation across individuals and tasks (Troyer et al., 2014). Further, tasks used to calculate 

variability (the BHA online assessment) were separate to those used to diagnose participants (a 

neuropsychological assessment).  

The early detection of Alzheimer’s disease has received growing interest, with aMCI 

proposed as an ideal time-point for intervening to prevent impending decline. In the current 

study, we demonstrate the value of accounting for interindividual variability when interpreting 

cognitive tests. In particular, there is greater interindividual variability in MCI than normal 

cognitive aging. Digital neuropsychology, especially with self-administered assessments such as 

the BHA, can increase efficiency and outreach by enabling virtual assessment of populations 

with neuropsychiatric disorders. Our study shows that online self-administered cognitive tests 

can be used to study variability in people at risk of Alzheimer’s disease.  
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Table 1. Demographic characteristics and test scores for each group.  

Significant group differences (p<.05) are shown in bold. 

* p < .05 

Note. 
a
 All group differences were calculate with a between-groups t-test and Cohen’s d to measure effect 

size, except for sex, which was a categorical variable and so was calculated using a chi-square test and 

Cramer’s V to measure effect size.  

Participant characteristics Controls 

(n=40) 

aMCI 

(n=51) 

Group 

differences 

(d) 

Age 74 (7.0) 75 (5.7) -0.18 

Sex (n, Female) 21 (53%) 25 (49%) 0.01
a
 

Education (Years of Education) 16 (2.5) 16 (2.8) 0.14 

MoCA Total score  25 (2.3) 24 (2.6) 0.61* 

BHA tests     

        Face Name Association (z-score) 0.40 (1.0) -0.63 (1.0) 1.01* 

        Letter-Number Alternation (z-score) 0.06 (1.2) -0.03 (1.0) 0.09 

        Spatial Working Memory (z-score) -0.02 (1.1) -1.06 (1.6) 0.77* 

        Stroop (z-score) 0.12 (1.2) -0.72 (2.1) 0.48* 

BHA Overall score (z-score) 0.14 (0.7) -0.61 (1.0) 0.86* 

BHA variability     

         Diversity across people (absolute residual z-scores) 0.53 (0.5) 0.78 (0.6) 0.44* 

         Dispersion across tasks (ISD of residual z-scores) 0.86 (0.5) 1.03 (0.7) 0.27 

         Inconsistency across trials (residual response times, ms) 239 (160) 266 (156) 0.17 
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Note. Displayed values show means (SDs), unless otherwise specified. ISD=intraindividual standard 

deviation.
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Figure 1. Raincloud plots of mean performance, diversity, dispersion, and inconsistency per 

group.  
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Figure 2. Line plots of individual performance across tasks. 
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Figure 3. Scatterplots comparing groups on mean performance, diversity, dispersion, and 

inconsistency.  
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Figure 1. Raincloud plots of mean performance, diversity, dispersion, and inconsistency per 

group.  

Note. Plots show group means (black dot), 95% confidence intervals (black error bars), and 

distributions (split-half violin), plus individual performance (dotplots). 

 

Figure 2. Line plots of individual performance across tasks. 

Note. Plots show a line per individual, connecting their performance on each task: Face Name 

Association (FNA), Letter Number Alternation (LNA), Stroop Interference (SI), and Spatial 

Working Memory (SWM).  

 

Figure 3. Scatterplots comparing groups on mean performance, diversity, dispersion, and 

inconsistency.  

Note. Plots show individual performance (points) and line of best fit.  

 


