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Abstract

Introduction: We investigate whether indices of subtle reporting mistakes derived

from responses in self-report surveys are associated with dementia risk.

Methods: We examined 13,831 participants without dementia from the prospec-

tive, population-based Health and Retirement Study (mean age 69 ± 10 years, 59%

women). Participants’ response patterns in 21 questionnaires were analyzed to iden-

tify implausible responses (multivariate outliers), incompatible responses (Guttman

errors), acquiescent responses, random errors, and the proportion of skipped ques-

tions. Subsequent incident dementia was determined over up to 10 years of follow-up.

Results:During follow-up, 2074 participants developed dementia and 3717 died. Each

of the survey response indiceswas associatedwith future dementia risk controlling for

confounders and accounting for death as a competing risk. Stronger associations were

evident for participants whowere younger and cognitively normal at baseline.

Discussion: Mistakes in the completion of self-report surveys in longitudinal studies

may be early indicators of dementia amongmiddle-aged and older adults.

KEYWORDS
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1 BACKGROUND

Identifying preclinical markers that are predictive of future transition

fromhealthy cognition tomild cognitive impairment and dementia is of

paramount importance.1,2 Earlier detection of cognitive decline could

facilitate delays in dementia onset or progression once effective inter-

ventions are available, which could have a significant impact on inci-

dence rates, quality of life, and health-care costs. Next to a range of

genetic and biological markers,3,4 decrements in everyday functional

abilities are among theearliest and strongest signals that predict future

dementia.4–9 Subtle reductions in the efficiency, speed, and consis-
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tency of performing instrumental activities of daily living (IADLs) and

other cognitively demanding tasks have been observed up to a decade

before diagnosis.1,7

Assessment of reductions in functional abilities in research on older

populations has proven challenging. Most population-based longitudi-

nal studies rely on subjective ratings of daily instrumental functioning.

Although subjective performance ratings have proven useful in demen-

tia research, it is widely acknowledged that the accuracy of these rat-

ings can be impacted by memory and other biases and that they are

not precise indicators of actual performance.10–12 Conversely, avail-

able objective, behavior-based tools for assessing functional abilities
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(e.g., errors on standardized tests of goal-directed tasks such as using

the telephone, making toast and coffee, etc.) are difficult to implement,

burdensome for respondents, and costly due to specialist time and

equipment involved.13,14

In view of these challenges, recent research has recognized the

enormous potential of developing objective yet cost-effective indi-

cators of functional abilities that can be reliably inferred from com-

monly occurring behaviors. Most notably, accumulating evidence from

studies that passively monitored computer use behavior via electronic

data capture suggests that cognitively impaired older adults show

less consistent engagement in computer use,15,16 less efficient mouse

movements,17 more irregular keystroke behavior,18 and increased

latency to complete online questionnaires,19 compared to adults with

normal cognition.

Here, we examine the possibility that objective indicators of func-

tioning that are sensitive to cognitive decline can be gleaned directly

from the way people complete survey assessments. The rationale for

these indicators is that completing a questionnaire or survey is in itself

a complex and cognitively demanding task that requires attention,

working memory, executive functioning, and short- and longer-term

memory,20,21 comparable to the demands of other complex instru-

mental activities. Prior research suggests that individuals with cog-

nitive deficits are more likely to display suboptimal response pat-

terns with more subtle mistakes, including more skipped questions

and inconsistent or implausible answer patterns.21–26 Building on this

prior research,we examinewhether such survey response patterns can

serve as early indicators of future dementia onset.

Admittedly, completing a survey is a small and uncommon slice

of everyday functioning. However, self-report surveys represent a

large component of population-based cohort studies that are a major

resource for scientific knowledge about the epidemiology and etiol-

ogy of dementia. Behavior-based functioning indicators that could be

derived from existing survey data could capitalize on past and ongo-

ing longitudinal studies, allowing predictions of incident dementia from

objective functioning indicators collectedmany years earlier. Such indi-

cators could contribute substantially to more comprehensive strate-

gies for dementia detection from archival data.27–29 In this study, we

investigate whether older adults’ survey response patterns predict

subsequent incidence of dementia over a 10-year period in the Health

and Retirement Study (HRS), accounting for death as a competing risk.

2 METHODS

2.1 Study setting and population

The HRS is a longitudinal panel study of a US nationally representa-

tive sample of adults above 50 years of age that started in 1992 (http:

//hrsonline.isr.umich.edu/). Respondents are repeatedly interviewed

every 2 years. The Psychosocial and Lifestyle Questionnaire (PLQ), a

paper-and-pencil self-report survey, was introduced in the 2006 and

2008waves (piloted in 2004). It was administered to a (mutually exclu-

sive) random 50% of the HRS sample in each of the two waves, which

RESEARCH INCONTEXT

1. Systematic Review: We reviewed the literature through

traditional methods (e.g., PubMed) and based on refer-

ences of relevant articles. Although studies haveprovided

some evidence of relationships between the way people

complete survey assessments and their cognitive func-

tioning, none has investigated associations between par-

ticipants’ mistakes in the completion of self-report sur-

veys and future dementia risk in longitudinal studies. Rel-

evant studies are cited.

2. Interpretation: Our findings show that several indices of

subtle reportingmistakesderived fromresponsepatterns

in self-report surveys are associated with risk of develop-

ing dementia over 10 years of follow-up.

3. Future Directions: The article proposes a strategy for

obtaining objective, behavior-based indicators of func-

tioning deficits directly from survey response patterns

in existing longitudinal studies. This approach may con-

tribute to the identification and characterization of func-

tional abilities that are predictive of transition from cog-

nitively normal to dementia in older adults.

HIGHLIGHTS

∙ Indices of subtle reporting mistakes were derived from

self-report survey responses.

∙ Each of the indices was longitudinally associated with

future dementia risk.

∙ Prognostic accuracies were stable over up to 10 years of

follow-up.

served as baseline waves for the present analyses. Respondents were

given the PLQ at the end of the HRS face-to-face interview to be

returned in the mail, with response rates of 90% (in 2006) and 89% (in

2008) of those who completed the interview.30 Our analyses included

all respondents who completed the PLQ by themselves (excludedwere

1.1% completed by proxy respondents). Of 13,831 analyzed respon-

dents, 13,448 (97.2%) completed the PLQ on paper and returned it by

mail, and 383 (2.8%) completed it with an interviewer over the phone.

Non-respondents and excluded participants were 11% more likely to

have dementia at baseline and 5% less likely to be female, but did

not differ in age compared to those analyzed. Included participants

were followed after PLQcompletion until the onset of dementia, death,

loss to follow-up, or the 2016 HRS interview. All participants provided

informed consent as part of the HRS.

http://hrsonline.isr.umich.edu/
http://hrsonline.isr.umich.edu/
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TABLE 1 Definitions of the survey response patterns

Survey response

pattern Expected response behavior Interpretation of the response pattern Operationalization

Item non-response Respondent should complete all survey

items

Overt disengagement from response

process22
Proportion of items skipped

(missing values) by

respondent

Random response

errors

Answers should be internally consistent,

whereby scores for items addressing

the same concept aremore similar

than scores for items addressing

different concepts

Random variability in attention or

fluctuating cognitive performance48
Magnitude of random

variance around the

respondent’s “true” scale

scores, estimated from

multilevel models

Multivariate outlier

responses

Profile of a respondent’s scores across

all items should not overly deviate

from themajority in the sample

Overall profile of responses is

implausible (i.e., statistically unlikely),

suggesting that some answers were

made bymistake24

Mahalanobis distance of

respondent’s scores across

all questionnaire items

Guttman errors If a respondent endorses an item that

expresses a strong opinion toward an

object, items that express weaker

opinions toward that same object

should be endorsed at the same or

higher levels

Incompatible responses to questions on

the same scale (e.g., responding that

one [a] is able to run amile, and [b]

cannot walk a short distance),

suggesting incoherent processing of

the questions

NormedGuttman errors49

calculated for each

questionnaire

Acquiescent

responses

Respondents are expected to engage in

initial comprehension and subsequent

reevaluation processes for each

question,50 where comprehension

involves tacit acceptance of the

premise (akin to “yes, I understand”),

and reevaluation involves deciding on

the optimal answer

“Yea-saying” regardless of item content;

suggesting tacit acceptance of a

statement without cognitive efforts to

reevaluate the response26,50

Two-factorial nominal

responsemodel separating

acquiescent and

substantive response

factors in each

questionnaire23

2.2 Indices derived from survey responses

Five different indices of participants’ survey response patterns were

derived from the PLQ. A common feature of all indices is that they

focus on how individuals complete these surveys rather than the con-

tent being sought by the questions—that is, they reflect different types

of response behaviors. The indices are described in Table 1 (see sup-

porting information for statistical details). They included (1) skipping

questions (item non-response), (2) inconsistent responses (random

response errors), (3) implausible response patterns (multivariate out-

liers, i.e., unusual combinations of scores across PLQ items), (4) incom-

patible responses (“Guttman errors”), and (5) agreeingwith statements

regardless of content (acquiescence). Each of these response patterns

haspreviously beenassociatedwith impaired cognitive functioning and

suboptimal information processing.22–26

We derived the indices from 102 questions included in 21 reliable

and valid multi-item PLQ scales that were administered both in 2006

and 2008 (for psychometric information and internal consistency reli-

abilities of each scale, see Smith et al.30). We did not use PLQ por-

tions that were modified across the two waves or were applicable

only to respondent subgroups (i.e., questions about respondents’ jobs,

spouse, or childrenwere excluded). Included questionnaires comprised

a range of constructs commonly assessed in psychosocial research

(e.g., life satisfaction, anxiety, personality; see Table S1 in supporting

information).

2.3 Dementia status

We ascertained dementia status using the criteria by Langa and Weir,

which were developed for the HRS to classify respondents as either

having normal cognition, cognitive impairment—no dementia (CIND),

or dementia.31,32 For self-respondents, the classification is based on

cognitive tests of immediate and delayed free recall, serial seven sub-

tractions, and backward counting from 20, administered in the HRS

cognitive battery,31 with respondents scoring 0 to 6 on a 28-point scale

classified as having dementia, 7 to 11 as CIND, and 12 to 27 as normal.

We also used information from proxy respondents to reduce sample

attrition, where dementia categorization is based on proxy-reported

respondent memory, proxy-reported IADL problems, and interviewer-

assessed cognitive limitations; respondents scoring0 to2ona12-point

summary limitations scale were classified as normal, 3 to 5 as CIND,

and 6 to 11 as having dementia.31,32 Missing scores on the subtests for

dementia categorization were accommodated using imputations pro-

vided for theHRS cognitive tests33 and proxy reports.34 The classifica-

tion cut-points have been identified using data from the Aging, Demo-

graphics andMemory Study (ADAMS), an HRS substudy in which clini-

cal diagnoses were obtained by means of 3 to 4 hours of in-home neu-

ropsychological and clinical assessments together with expert clinician

adjudication.31 Using theADAMSdementia diagnosis as gold standard,

the categorization correctly classifies 78% of HRS respondents (76%

for self-respondents and 84% for proxy-respondents).31,32
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2.4 Covariates and competing risk of death

The selection of covariates was based on potential confounders of

the effects of functional abilities reflected in the survey response

patterns.35 We included the demographic variables age, sex, race

(White, Black, other races), ethnicity, marital status, years of edu-

cation, and wealth (quartiles); health variables, including smoking

(smokes now, smoked in the past, never smoked), drinking (never

drinks, <8 drinks per week, 8+ drinks per week), body mass index

(BMI; underweight, normal, overweight, obese), and exercise (less than

once/month, 1 to 4 times/month, more than once/week); and phys-

ical conditions, including hypertension, diabetes, heart disease, and

stroke. Measurement of these covariates took place at HRS inter-

views before participants were given the PLQ. Additionally, we sta-

tistically controlled for participants’ scale scores on each of the 21

PLQ questionnaires from which the survey response patterns were

derived.

To account for the competing risk of death, mortality data were

coded from the HRS exit interview or spouse-reported year of death

information. The month of death was recorded up until the end of year

2016, at which point the study was right-censored.

2.5 Self-reported functional limitations

Limitations in IADLswere identified by self-reports of difficulties using

a telephone, takingmedication, handling money, shopping, and prepar-

ingmeals (score range=0 to 5). Thesemeasures from the baselineHRS

interviews were included to juxtapose the prognostic accuracy of the

survey response patterns against an establishedmeasure of functional

limitations known to predict dementia risk.4–9

2.6 Statistical analysis

In initial cross-sectional analyses, we compared the mean scores on

each response pattern by current dementia status (i.e., respondents

concurrently classified as having normal cognition, CIND, or dementia)

using univariate analyses of variance.

Cox proportional hazards regression models were used to examine

relationships between each of the survey response patterns (entered

as independent variable in separate models) and subsequent incident

dementia (dependent variable, consideredanabsorbing state after first

beingobserved in agivenwave); respondentswithdementia at baseline

were excluded from these models. Model 1 adjusted for age and sex,

entered as covariates in the Cox regression models. Model 2 adjusted

for age, sex, race, ethnicity, marital status, education, wealth, smoking,

drinking, BMI, exercise, hypertension, diabetes, heart disease, stroke,

and each of the 21 PLQ scale scores as covariates. Model 3 addition-

ally accounted for death as a competing event using Fine and Gray’s

proportional subdistribution hazards regression model.36 Inspecting

the Schoenfeld residuals did not indicate violations of the propor-

tional hazards assumption for predictors or covariates in the models.

To control for Type I error inflation due to multiple comparisons, sta-

tistical significance was evaluated at a Bonferroni-corrected level of

P< .003, adjusted for five parameters across threemodels (P= .05/15).

The primary models tested linear associations of the survey response

indices; potential curvilinearities were explored by adding quadratic

terms.

In sensitivity analyses, we excluded respondents with > 10% miss-

ing values on the PLQ from Model 3 (N = 932; 6.7%). Further, we

conducted analyses stratified by the year of PLQ administration (year

2006 vs. 2008, to evaluate potential period effects37), and by respon-

dents who completed the PLQ on paper versus on the phone (to evalu-

ate mode of administration effects38); respective group differences in

associations between response patterns and dementia incidence were

evaluated using interaction terms.

Age, sex, and cognitive status (cognitively normal vs. CIND) at base-

line were evaluated as potential moderators by testing their interac-

tion with the response patterns in Model 3. For moderated effects by

age, we present age-stratified results (≤75 vs.>75 years) and used age

as a continuous moderator variable for significance testing. Statistical

significance of moderated effects was evaluated using a Bonferroni-

corrected level of P < .003, adjusted for five parameters across three

moderators (P= .05/15).

To quantify the capacity of the response patterns to serve as prog-

nostic markers of the risk of developing dementia, we estimated time-

dependent receiver operating characteristic (ROC) curves.39 For each

response pattern, we examined time-dependent area under the ROC

curve (AUC) statistics for increasingly longer epochs of follow-up time

from baseline (PLQ assessment to 2 years, 4 years, and so on), to evalu-

ate the evolutionof their prospective discriminatory abilities over time.

Corresponding AUC statistics based on IADL self-reports were also

obtained for descriptive comparison. AUCs were estimated using the

cumulative/dynamic definition by Heagerty et al.39 and accounting for

death as competing risk.40

In all analyses, the survey response patterns were standardized to

facilitate comparison.Missing values on covariates (median 1.2%miss-

ing [range 0% to 3.9%]) were imputed using five multiple imputations.

In post hoc analyses, we additionally imputed scores on response pat-

terns for HRS respondents who failed to complete the PLQ (using

five imputations, based on observed covariates and dementia out-

comes). Statistical analyses were performed using the PHREQ and

MI/MIANALYZE procedures in SAS 9.4. The R package timeROC was

used for ROC analyses.41

3 RESULTS

Descriptive sample characteristics are shown in Table 2. During up to

10 years of follow-up (median = 8.0 years), 2074 (15.0%) individuals

developeddementia, and3717 (26.9%)died. The total observed follow-

up timewas93,886person-years, 89.4%of thepossible total timewith-

out loss to follow-up.42
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TABLE 2 Characteristics of the study sample at baseline

Characteristic (units) Values Sample size

Age in years (mean, SD) 69.2 (9.9) 13,831

Female 59.1% 13,831

Race 13,830

White 82.8%

Black 13.1%

Other race 4.1%

Hispanic 8.0% 13,830

Married 63.1% 13,830

Years of education 13,813

0–11 years 21.5%

12 years 34.7%

13–15 years 21.8%

>15 years 22.0%

Wealth quartiles 13,831

<$52,100 23.6%

$52,100–$204,900 24.9%

$205,000–$547,000 25.7%

>$547,000 25.9%

Smoking status 13,735

Smokes now 12.9%

Smoked in the past 43.9%

Never smoked 43.2%

Drinking status 13,807

Heavy drinkers (8+ drinks/wk) 9.6%

Light drinkers (<8 drinks/wk) 41.4%

Never drinks 49.0%

Bodymass index categories 13,668

Underweight (<18.5 kg/m2) 1.3%

Normal weight (18.5–24.9 kg/m2) 28.7%

Overweight (25.0–29.9 kg/m2) 38.1%

Obese (30+ kg/m2) 31.9%

Exercise 13,821

Never exercises 62.0%

Exercises 1–4 times/month 14.7%

Exercises more than once/wk 23.3%

Hypertension 56.7% 13,724

Diabetes 19.9% 13,657

Heart disease 24.1% 13,664

Stroke 7.9% 13,638

IADL limitations (mean, SD) 0.21 (0.68) 13,830

Abbreviations: IADL, instrumental activities of daily living; SD, standard

deviation.

3.1 Cross-sectional associations between survey
response patterns and dementia categories

The five survey response patternswere positively correlatedwith each

other, ranging from r=0.11 to r=0.88 (Table3).Mean scoresoneachof

the responsepatternsdiffered significantlybybaseline cognitive status

(P < .0001), with mean differences ranging from 0.25 to 0.63 z-scores

comparingparticipants categorized asCINDversus cognitively normal,

from 0.17 to 0.28 z-scores comparing participants with dementia ver-

susCIND, and from0.42 to 0.88 z-scores comparing participants show-

ing dementia versus normal cognition at baseline (Table 3).

3.2 Associations between survey response
patterns and subsequent dementia risk

In proportional hazard regression models adjusting for age and sex

(Model 1), higher values on each of the five response patterns were

associated with a significantly greater risk of developing dementia

(P < .0001), with hazard ratios (HRs) ranging from HR = 1.22 (95%

confidence interval [CI] = 1.16 to 1.28) per standard deviation (SD)

increase in acquiescent responses to HR = 1.82 (95% CI = 1.73 to

1.92) per SD increase in multivariate outlier responses (Table 4). The

estimates were attenuated after adjusting for all covariates (Model 2)

and when death as a competing risk was additionally accounted for

(Model 3); however, the associations with incident dementia remained

significant for each of the survey response patterns in these models

(P< .0001, Table 4).

We found no significant curvilinear effects after fitting quadratic

terms for item non-response (P = .17), random response errors

(P = .61), multivariate outlier responses (P = .54), Guttman errors

(P= .96), and acquiescence (P= .57).When analyses were restricted to

respondents with<10%missing values on the PLQ, item non-response

was no longer significantly associated with incident dementia after

Bonferroni correction (P = .007); estimates for the remaining four

response patternswere notmeaningfully affected (Table S2 in support-

ing information). Results were similar to those in the primary analyses

when scores on response patterns for respondents who failed to com-

plete the PLQwere multiply imputed, and the estimates did not signif-

icantly differ between PLQ administration years (2006 vs. 2008) and

comparing respondents completing the PLQon paper versus via phone

(Tables S3-S5 in supporting information).

3.3 Effect moderation by age, sex, and baseline
cognitive status

Examining moderated effects by age yielded significant interactions

between age and indices of item non-response, random errors, multi-

variateoutliers, andGuttmanerrors (P< .0001).Higher valueson these

response patternswere consistently associatedwith increaseddemen-

tia risk for respondents aged <75 years at baseline, whereas the asso-
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ciations were less pronounced at ages 75+ (Table 5). Baseline cogni-

tive status similarly moderated the effects of these response patterns

(P < .0001); associations with dementia risk were significant for cog-

nitively normal respondents and non-significant for individuals with

CIND at baseline (see Table 5). We found no significant interactions

with sex (Table S6 in supporting information).

3.4 Time-dependent prognostic accuracies of
dementia risk

AUCs quantifying the ability of the response patterns to predict the

onset of dementia are shown in Figure 1. AUCs remained similar for

increasingly longer epochs of follow-up time. The highest prognostic

accuracy was evident for multivariate outlier responses, with AUCs

attenuating slightly from 2 years (AUC = 0.70, 95% CI = 0.67 to 0.72)

to 10 years (AUC = 0.68, 95% CI = 0.66 to 0.69), and it was overall

lowest for acquiescent responses, with slight increases from 2 years

(AUC = 0.53, 95% CI = 0.51 to 0 56) to 10 years (AUC = 0.56, 95%

CI = 0.54 to 0.58). For comparison, prognostic accuracies for IADL

reports ranged between these values, with AUCs attenuating from 2

years (AUC = 0.62, 95% CI = 0.60 to 0.64) to 10 years (AUC = 0.59,

95%CI= 0.58 to 0.60).

4 DISCUSSION

Self-report surveys are ubiquitous in longitudinal studies on aging. Our

results indicate that subtle mistakes in self-report surveys are mean-

ingfully associated with cognitive impairment and cognitive decline.

Cross-sectionally, each of the investigated response patterns discrimi-

nated cognitively normal respondents from those with CIND (small to

medium effect sizes) and those classified as having dementia (medium

to large effect sizes) at baseline.43 Prospectively, all response patterns

predicted the risk of developing dementia with stable prognostic accu-

racies over up to 10 years of follow-up. The results are in linewith prior

research demonstrating that early signals of incident dementia can be

discerned from characteristic features of individuals’ responses to cog-

nitively demanding questions, recordedmany years prior.28

Of the five response patterns examined, four (item non-responses,

random errors, multivariate outliers, Guttman errors) demonstrated

very similar prognostic accuracies, comparable to or higher than those

for self-reported IADL deficits. While loss of independence and major

IADL limitations represent important disease milestones, the sur-

vey response patterns may result from functional limitations that

predate disability and may develop gradually and early in the dis-

ease process.4–9 This assumption is supported by our finding that

IADL deficits had the strongest prognostic capability when they were

assessed close to diagnosis, whereas the prognostic capability of the

response patterns remainedmore consistent for increasingly long time

windows. The fifth response pattern, acquiescence, was overall a less

accurate indicator of dementia risk. Arguably, acquiescence is to a

larger extent driven by general tendencies in self-reporting (e.g., due
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TABLE 4 Associations of survey response patterns with incident dementia

Model 1 Model 2 Model 3

Survey response pattern HR (95%CI) HR (95%CI) HR (95%CI)

Item non-response 1.54 (1.44–1.64) 1.17 (1.10–1.25) 1.16 (1.08–1.24)

Random response errors 1.63 (1.55–1.71) 1.24 (1.18–1.32) 1.18 (1.12–1.25)

Multivariate outlier responses 1.82 (1.73–1.92) 1.38 (1.30–1.48) 1.30 (1.23–1.39)

Guttman errors 1.58 (1.51–1.65) 1.24 (1.18–1.31) 1.18 (1.12–1.24)

Acquiescent responses 1.22 (1.16–1.28) 1.21 (1.15–1.28) 1.15 (1.09–1.21)

Note: Respondents with dementia at baseline were excluded, N = 13,324. Model 1 is adjusted for age and sex. Model 2 is additionally adjusted for race, eth-

nicity, marital status, education, wealth, smoking, drinking, BMI, exercise, hypertension, diabetes, heart disease, stroke, and the 21 Psychosocial and Lifestyle

Questionnaire scale scores.Model 3 additionally accounts for death as a competing event. HRswere obtainedwith Cox regressionmodels inModels 1 and 2,

and with Fine and Gray’s proportional subdistribution hazards regression models in Model 3. HRs above 1.00 denote that the hazards of dementia increase

with a higher value of the survey response pattern. To compare HRs across indices of survey response patterns with different units, HRs are expressed per

standard deviation difference in the survey response pattern.

Abbreviations: BMI, bodymass index; CI, confidence interval; HR, hazard ratio.

TABLE 5 Associations of survey response patterns with dementia risk moderated by baseline age and baseline cognitive status

Moderator: baseline age Moderator: baseline cognitive status

Age< 75 years Age 75+ years Interaction Normal cognition CIND Interaction

Survey response pattern HR (95%CI) HR (95%CI) P value HR (95%CI) HR (95%CI) P value

Item non-response 1.28 (1.18–1.38) 1.09 (1.00–1.18) <.0001 1.29 (1.20–1.40) 1.04 (0.96–1.12) <.0001

Random response errors 1.32 (1.21–1.43) 1.04 (0.97–1.12) <.0001 1.25 (1.15–1.37) 1.04 (0.96–1.12) <.0001

Multivariate outlier

responses

1.46 (1.32–1.60) 1.11 (1.02–1.21) <.0001 1.37 (1.25–1.50) 1.09 (0.99–1.20) <.0001

Guttman errors 1.29 (1.21–1.38) 1.03 (0.97–1.10) <.0001 1.25 (1.16–1.34) 1.03 (0.97–1.10) <.0001

Acquiescent responses 1.17 (1.09–1.25) 1.09 (1.02–1.17) .08 1.13 (1.05–1.21) 1.05 (0.99–1.13) .14

Note: Respondents with dementia at baseline were excluded, N = 13,324. HRs were obtained from Fine and Gray’s proportional subdistribution hazards

regression models, accounting for death as a competing event, and adjusted for continuous age at baseline, sex, race, ethnicity, marital status, education,

wealth, smoking, drinking, BMI, exercise, hypertension, diabetes, heart disease, stroke, and the 21 Psychosocial and Lifestyle Questionnaire scale scores.We

tested the significance of age interactions throughmodeling a product termof the unstandardized response patternswith continuous age. HRs are expressed

per standard deviation difference in the survey response pattern

Abbreviations: BMI, bodymass index; HR, hazard ratio; CI, confidence interval; CIND, cognitively impaired, not demented.

to personality and cultural norms44) that are not inherently related to

cognitive or functional abilities.

Alternative explanations for the observed relationships are also

possible.Worse general biological trajectoriesmay commonly underlie

both suboptimal survey response behaviors and dementia risk. Many

of the risk factors associated with dementia also predict an earlier

death,45 but our analyses accounted for the fact that participants who

might have had the most severe risks of developing dementia are

likely to have died before any dementia diagnosis. Mistakes in survey

responding have also been associated with mood disorders such as

depression;24 however, it is unlikely that the effects were driven by

mental health problems given that multiple mental health measures

from thePLQwere statistically controlled.Wealso cannot rule out that

selection bias influenced our findings, although results remained very

similar when data from thosewho did not complete the PLQweremul-

tiply imputed.

Age and baseline cognitive status moderated the associations

between each response pattern (except acquiescence) and demen-

tia risk, with stronger associations for younger (vs. older) and cog-

nitively normal (vs. CIND) respondents. Individuals with CIND may

already face more obvious functioning deficits, such that subtle mis-

takes when performing cognitively demanding tasks may be less prog-

nostically relevant at this stage. Respondents with dementia at base-

line were excluded from analysis, and older participants who might

have shown subtle functional limitations prior to diagnosis may have

been less represented due to selective survival effects. We also can-

not rule out that older respondents and those with early and mild cog-

nitive impairment received assistance with completing the PLQ from

others at home, which may have led to the obfuscation of associa-

tions between survey response patterns and future dementia in these

respondents.

Our studyhas several limitations.Dementia statuswasderived from

a limited set of cognitive tests and informant reports. Although val-

idation studies have demonstrated 78% accuracy of dementia diag-

noses based on these tests compared to detailed clinical evalua-

tion in ADAMS,31 the results need to be replicated using clinically
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We also did not examine which specific cognitive abilities are being

tapped by the different response patterns. We speculate that they

may capture behavioral manifestations of multiple cognitive functions

involved in goal-directed activities (e.g., “everyday cognition”16,46),

including remembering the details of questionnaire instructions, con-

sistently attending to the details of each question in deciding the best

answer, flexibly adapting responses to changing answer formats, and

sustaining effort to complete all questions. Furthermore, even though

we did not find differential relationships bymode of survey administra-

tion, the investigated response patterns were for the largest part lim-

ited to paper-and-pencil assessments, and it is not clear whether the

results generalize toother surveymodalities (e.g., in-person interviews,

online surveys).38

Although the present research focused on survey responses in lon-

gitudinal aging research, it may be possible to adapt the presented

approach to survey responses in other settings. For example, in med-

ical care settings, response patterns extracted from surveys rou-

tinely administered during check-in for appointments could potentially

supplement information from standardized cognitive tests. In clini-

cal trial research, response patterns extracted from health question-

naires might supplement functioning measures that serve as trial end-

points, in linewithFoodandDrugAdministration recommendations for

early-stage Alzheimer’s disease trials that encourage the development

of novel approaches for the evaluation of early functional deficits.47

These are avenues for future research.

In conclusion, our findings demonstrate thatmistakes in the comple-

tion of self-report surveys in longitudinal studies may be early indica-

tors of dementia among middle-aged and older adults. Work is under-

way to evaluate the prognostic ability of the survey response pat-

terns in multiple national and international panel studies that adminis-

ter self-report questionnaires across different study populations, lan-

guages, survey types, and administrationmodes.
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