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Abstract

Background

Participants’ non adherence to protocol affects data quality. In longitudinal studies, this

leads to outliers that can be present at the level of the population or the individual. The pur-

pose of the present study is to elaborate a method for detection of outliers in a study of cog-

nitive ageing.

Methods

In the Whitehall II study, data on a cognitive test battery have been collected in 1997-99,

2002-04, 2007-09 and 2012-13. Outliers at the 2012-13 wave were identified using a 4-step

procedure: (1) identify cognitive tests with potential non-adherence to protocol, (2) choose a

prediction model between a simple model with socio-demographic covariates and one that

also includes health behaviours and health measures, (3) define an outlier using a studen-

tized residual, and (4) study the impact of exclusion of outliers by estimating the effect of

age and diabetes on cognitive decline.

Results

5516 participants provided cognitive data in 2012-13. Comparisons of rates of annual

decline over the first three and all four waves of data suggested outliers in three of the 5

tests. Mean residuals for the 2012-13 wave were larger for the basic compared to the more

complex prediction model (all p<0.001), leading us to use the latter for the identification of

outliers. Residuals greater than two standard deviation of residuals identified approximately

7% of observations as being outliers. Removal of these observations from the analyses

showed that both age and diabetes had associations with cognitive decline similar to that

observed with the first three waves of data; these associations were weaker or absent in

non-cleaned data.

PLOS ONE | DOI:10.1371/journal.pone.0132110 July 10, 2015 1 / 13

OPEN ACCESS

Citation: Dugravot A, Sabia S, Shipley MJ, Welch C,
Kivimaki M, Singh-Manoux A (2015) Detection of
Outliers Due to Participants’ Non-Adherence to
Protocol in a Longitudinal Study of Cognitive Decline.
PLoS ONE 10(7): e0132110. doi:10.1371/journal.
pone.0132110

Editor: Antony Bayer, Cardiff University, UNITED
KINGDOM

Received: April 23, 2015

Accepted: June 10, 2015

Published: July 10, 2015

Copyright: © 2015 Dugravot et al. This is an open
access article distributed under the terms of the
Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any
medium, provided the original author and source are
credited.

Data Availability Statement: Data are from the
Whitehall II study: http://www.ucl.ac.uk/whitehallII/
data-sharing.

Funding: This work was supported by the US
National Institutes of Health (R01AG013196;
R01AG034454, R01HL036310), the UK Medical
Research Council (K013351), and the Economic and
Social Research Council. MJS is partly funded by the
British Heart Foundation.

Competing Interests: The authors have declared
that no competing interests exist.

http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0132110&domain=pdf
http://creativecommons.org/licenses/by/4.0/
http://www.ucl.ac.uk/whitehallII/data-sharing
http://www.ucl.ac.uk/whitehallII/data-sharing


Conclusions

Identification of outliers is important as they obscure the effects of known risk factor and

introduce bias in the estimates of cognitive decline. We showed that an informed approach,

using the range of data collected in a longitudinal study, may be able to identify outliers.

Introduction
Non adherence to protocol is a source of bias in studies, irrespective of the design or nature of
the study. A recent review concluded that a majority of RCTs, the gold-standard in research
studies, are subject to some form of non-adherence to treatment protocol.[1] The standard
method of analysis, intention to treat ignores information on non-adherence. It has been sug-
gested that further analyses of such trials are needed so that compliance and withdrawal can be
taken into account by censoring the subject at the time of deviation from protocol.[1,2] In
observational studies, non-adherence to protocol may give rise to outliers, defined simply as
observations that are extreme or unusual with respect to rest of the data.[3] Outliers could
result from variability in the attribute being assessed or measurement error. In the first case,
no further action is necessary apart from ensuring that the statistical method for analysis is
robust to outliers.[4,5] Error in a data point could stem from mistakes during the measurement
or transcription of data, or due to the issues of social desirability, misreporting, or non-adher-
ence to protocol. In such cases, outliers are usually removed, most often using the observed dis-
tribution.[6]

The identification of outliers in longitudinal data is not straightforward as they may be pres-
ent both at the level of the population and the individual.[7] Thus, an individual can be an out-
lier with respect to the rest of the sample or with respect to their own previous or subsequent
measurements on an attribute. In the first case, the Gaussian distribution has long been used to
identify observations that could be erroneous.[6] While this procedure reduces sample size, it
ensures that the estimations of exposure-outcome associations obtained from the data are less
biased than those obtained prior to data cleaning. The identification of outliers in longitudinal
data is more complex, particularly if the aim of the study is to examine changes over time in
the attribute being assessed.

The objective of this paper is to develop procedures to detect outliers in an investigation of
cognitive decline on 5516 persons participating in the Whitehall II study. Four waves of data
have been collected over the past 15 years and the current exercise was prompted by observa-
tion of non-adherence to protocol by some participants at the fourth wave of data collection.
Data collection in the Whitehall II study is undertaken in a clinical setting for most participants
and at home for those unable or unwilling to travel to the clinic. Part of the cognitive test bat-
tery is administered in a group setting, with instructions administered via headphones and this
is where non-adherence to protocol was observed during data collection. In order to identify
outliers we used residuals, the commonly used diagnostic method to identify observations that
are different from expected values calculated using a prediction model.[8] We used two types
of prediction models, a simple model based on socio-demographic factors and previous
data on the cognitive test in question and a second model which additionally included a wide
range of behavioural and health factors shown to be associated with cognition in the literature
and our previous analyses. We also compared outliers and others, including analysis of the
impact of exclusion of outliers on associations with known risk factors, ageing and diabetes,
with cognitive decline.
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Materials and Methods

Study Population
TheWhitehall II study is an ongoing cohort study of men and women, originally employed by
the British civil service. The study was setup to study social determinants of health, cardiovas-
cular disease and diabetes in particular. The target population was all London-based office
staff, aged 35–55 years. A total of 10,308 persons (6895 men and 3413 women), response 73%,
were recruited to the study over the years 1985 to 1988.[9] Although all participants in the
study are white-collar workers, a wide range of occupations is represented with a salary differ-
ence of over 10-fold between the top and bottom of the socioeconomic hierarchy. All partici-
pants responded to a questionnaire and underwent a uniform, structured clinical evaluation,
consisting of measures of anthropometry, cardiovascular and metabolic risk factors and dis-
ease. Since the baseline medical examination, follow-up examinations have taken place approx-
imately every 5 years: 1991–93 (n = 8815); 1997–99 (n = 7870); 2003–04 (n = 6967), 2007–09
(n = 6761) and 2012–13 (n = 6318). The clinical assessment takes two years to complete and is
organized in Central London, with travel arrangements for the participants made by study
staff. Starting from the 2003–2004 assessments participants who were unable or unwilling to
travel to London have been offered a clinical assessment at home; 11.4% (2003–04), 13.4%
(2007–09) and 17.7% (2012–13) have taken this option.

All participants gave written informed consent. Participant consent and research ethics
approvals (University College London (UCL) ethics committee) were renewed at each contact;
latest approved was by the Joint UCL/UCLH Committee on the Ethics of Human Research
(Committee Alpha), reference number 85/0938.

Cognitive function: response in a single booklet. The cognitive test battery was intro-
duced to the study in 1997–99. The tests were chosen to provide a comprehensive assessment
of cognitive function and be appropriate for this population composed of individuals younger
than in most studies on cognitive ageing. The core battery has been administered four times
over 15 years (in 1997–1999, 2003–2004, 2007–2009 and 2012–13). These tests have good test-
retest reliability (range 0.60–0.89) in 556 participants who were invited back for retesting
within three months of having taken the tests. The instructions were recorded and adminis-
tered via headphones, both at the clinic and at home, and responses recorded in a booklet. The
difference between the two settings was that at home the tests were administered in a one to
one setting whereas at the clinic they were administered to up to five participants at the same
time. These tests are described below in the sequence in which they were administered during
the assessment.

Short term verbal memory was assessed with a 20 word free recall test. Participants were
presented orally a list of 20 one or two syllable words at two second intervals and were then
asked to recall in writing as many of the words in any order within two minutes.

Reasoning was assessed using the Alice Heim 4-I[10] (AH4-I), composed of a series of 65
verbal and mathematical reasoning items of increasing difficulty. It tests inductive reasoning,
measuring the ability to identify patterns and infer principles and rules. Participants had 10
minutes to do this section.

Vocabulary was assessed with the Mill Hill vocabulary test,[11] used in its multiple choice
format, consisting of a list of 33 stimulus words ordered by increasing difficulty and six
response choices. Participants had ten minutes to complete this section.

Verbal fluency was assessed using tests of phonemic and semantic fluency.[12] Participants
were asked to recall in writing as many words beginning with “S” (phonemic fluency) and as
many animal names (semantic fluency) as they could. One minute was allowed for each test;
the observed range on these tests was 0–35.
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Cognitive function: one to one administration. The Mini-Mental State Examination, a
brief 30-point measure of global cognitive function [13], was administered to participants 60
years and older in 1997–99 and to all participants at subsequent waves of data collection. In
2012–13, Parts A and B of the Trail Making Test (TMT) were added to the cognitive battery as
a measure of visual speed and executive function.[14] The MMSE and TMT data were not used
in the detection of outliers as they were not available longitudinally but were used to compare
outliers to others.

Additional measures used in prediction models. Besides prior data on cognitive tests, we
also used a range of covariates in the prediction model. The choice of these covariates was
based on evidence showing them to be associated with cognition and their availability in the
study.

Socio-demographic factors[15–17] included year of birth (1930–34; 1935–39; 1940–44;
1945–49; 1950–52), sex, age, marital status (married/cohabiting, single, divorced and wid-
owed), ethnicity (white and non-white), socioeconomic status (SES), assessed via occupational
position (6 levels)[9], and education (elementary, lower secondary, higher secondary, first uni-
versity degree and higher).

Health behaviours[16,18,19] considered were smoking status (never, current, or ex-
smoker), alcohol intake (units of alcohol consumed in the past 7 days), physical activity (sum
of the product of the intensity (metabolic equivalent (MET)[20]) and weekly duration of all
moderate and vigorous activity, MET-hours/week), and consumption of fruit and vegetables
(assessed using the question, “How often do you eat fresh fruit or vegetables?”, responses were
on an eight-point scale, ranging from “seldom or never” to “two or more times a day”).

Health measures included cardiovascular risk factors[16,18,21] and diseases,[22,23] self-
rated general health,[24] mental disorder symptoms,[16,18,25] and use of related medica-
tions. Cardiovascular risk factors considered were as follows: body mass index calculated as
the ratio of weight (kilograms) to height (metres squared) and categorised using the World
Health Organization classification (underweight, <18.5 kg/m2; standard weight, 18.5–24.9
kg/m2; overweight, 25–29.9 kg/m2; obese, 30–34.9 kg/m2 and severely obese�35 kg/m2); rest-
ing heart rate measured via electrocardiogram with participants in the supine position and
categorized as< 60, 60–80, and> 80 beats/minute; systolic and diastolic blood pressure mea-
sured using the Hawksley random-zero sphygmomanometer, average of two consecutive
measures with the participant sitting after a 5-minute rest; fasting serum cholesterol mea-
sured within 72 hours in serum stored at 4°C using enzymatic colorimetric methods. Diabetes
was defined by a fasting glucose�7.0 mmol/L or reported doctor diagnosed diabetes, or use
of diabetes medication.[26] CHD prevalence was based on clinically verified events and
included myocardial infarction and definite angina.[27] Stroke cases were ascertained from
participants’ general practitioners, information extracted from hospital medical records by
study nurses, or data from the National Health Service (NHS) Hospital Episode Statistics
database obtained after linking the participants’ unique NHS identification numbers to this
national database.[28] Use of central nervous system medication and cardiovascular disease
medication were also included. Measures of general health included the physical and mental
components scores of the SF-36 questionnaire[29] and response to the following question ‘In
general, would you say your health is:’ with a 5-point Likert scale from “Excellent” to “poor”.
Common mental disorder symptoms were assessed using the 30-item General Health Ques-
tionnaire.[30]

The site (home or clinic) of the examination and number of times participant participated
in cognitive testing over the follow-up the were also included in the model to take into account
difference in protocol and practice effects,[31] respectively.
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Statistical methods
The analysis was undertaken in a sequential manner, described below.

Step 1. Identify cognitive tests with potential non-adherence to protocol. Rigorous pro-
tocol checks during test administration revealed potential non-adherence in the ten minutes
allocated to the vocabulary test, part of the five tests administered in a group setting in the
clinic. Some participants were found to be non-compliant with the instructions and were using
part of the ten minutes to complete reasoning or fluency sections, all three being timed tests.
We hypothesized that non-adherence would lead individual cognitive trajectories to differ
when including the last wave of data compared to previous waves. In order to identify the spe-
cific tests that were affected we compared annual change in test scores as estimated from
annual change between 1997–1999 and 2007–09 using data from the first three assessments
and that between 1997–1999 and 2012–13 using data from all four assessments. This exercise
was undertaken by first calculating the annual change over the two follow-ups using individual
ordinary least squares (OLS) slope from a linear regression and then comparing them with Stu-
dent’s test for paired data. In order to be included in these analyses, participants needed to
have at least two data points scores between 1997–99 and 2007–09, and data at the 2012–13
wave. In order to ensure that outliers were confined to persons seen at the clinic, these compar-
isons were undertaken in analyses stratified by site of test administration.

Step 2. Choice of prediction model. The purpose of this exercise was to predict, for each
individual their cognitive test score in 2012–2013. It only concerned tests where there was evi-
dence, based on step 1, of unusual patterns of change in test scores over time. The prediction
models were based on linear mixed models using previous data on the test in question (1997/99,
2002/04, 2007/09) and included random terms for intercept and slope to take into account the
fact that repeated measures on the same individual are correlated with each other.[32] We used
two types of prediction models, a simple model which included age (centered at age 60 years),
age squared, year of birth, sex, marital status, ethnicity, occupational position, education, and
the interaction terms of these covariates with age and age squared. The second model included a
wider range of covariates in order to improve the prediction. In addition to the variables in the
simple model, it included health behaviours, health measures, the site of examination, the num-
ber of times a participant undertook the test in question, scores on cognitive tests deemed to be
free of bias in step 1, and the interaction terms of each covariate with age and age squared. The
interaction terms of the number of times the participant undertook the cognitive test with sex
and SES were also included in the model. Covariates were included in the prediction model as
time-dependent except when not appropriate (e.g. ethnicity). When data on covariates were
missing they were imputed using multiple imputations, chained equations method, based on all
available data on cognition and covariates. In both approaches, the predicted value for each par-
ticipant was based on the fixed-portion of the linear predictor plus predicted random effects.

Step 3. Define an outlier. An outlier was defined simply as an observation with a large
residual, i.e. a large discrepancy between the observed and predicted value at the 2012–2013
assessment. Absolute thresholds are difficult to establish making standardized residuals (resid-
ual divided by its standard deviation, SD) a useful method that allows similar thresholds to be
used across tests with the convention being to use 2 SD to identify unusual observations. Our
interest was only in scores that were more than 2 SD above the mean in order to detect unusual
improvement in scores (a large deterioration in score is possible due to neurological disorder).
The SD to be used in defining the outliers may be defined in a number of ways. One option
would have been to use the 2012–13 wave of data, but given the influence that the outliers
would have on the SD, we instead calculated the SD of the residuals from the prediction model
based on the first three waves of data.
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Step 4. Study impact of exclusion of outliers. We first compared annual cognitive change
based on the first three waves of data and on all four waves for the given cognitive test before
and after exclusion of outliers at the fourth wave. In addition, mixed models were used to
examine the association of age and diabetes, both known risk factors cognitive decline, assessed
in 1997–99, with cognitive decline over 15 years (1997–99 to 2012–13), in both samples includ-
ing and excluding outliers.

All analyses were performed using Stata SE version 12 for Windows (StataCorp. 2011).

Results
Fig 1 shows a flow chart of the sample selection. Of the 10308 participants at study inception
in 1985–88, 6308 (61%) provided data in 2012–13. They were on average 70 years old
(range = 59–83), 70.7% were men and 43.0% had an educational level less than a high school
diploma. Overall, 5109 participants had cognitive data at least at two waves prior to, and in
2012–13, for at least one of the five cognitive tests.

Step 1: Identify cognitive tests with potential non-adherence to protocol
Table 1, top panel, shows that compared with annual change estimated using data from the
first 3 waves, estimates using all 4 waves show similar decline in memory (p = 0.88) but slower
declines in reasoning (-0.28 vs -0.24; p<0.001), phonemic fluency (-0.16 vs -0.13; p<0.001),
and semantic fluency (-0.13 vs -0.12; p = 0.02). This difference was evident in participants seen
at the clinic (mid panel) but not in those seen at home (bottom panel).

Step 2: Prediction models and outliers identification
Further analysis focused only on reasoning and the two fluency tests. Mean residuals (table 2)
for the 2012–13 wave (observed minus predicted values) were larger for the basic compared to
the more complex prediction model for reasoning (Mean(M) = 1.68, Standard Deviation (SD)
= 4.69 vs. M = 0.44, SD = 4.75; p<0.001), phonemic fluency (M = 0.54, SD = 2.96 vs. M = 0.22,
SD = 2.86; p<0.001), and semantic fluency (M = 0.34, SD = 2.64 vs. M = 0.09, SD = 2.58;
p<0.001). The larger residuals in the simple model suggest that it fits the data less well than the
more complex model.

Outliers were identified only among participants seen at the clinic, with residual values
(observed minus predicted) that were higher than two standard deviations from the prediction
models based on the first three waves of data collection (see thresholds to define outliers in
Table 2). Using these thresholds identified 743 outliers for reasoning using the simple predic-
tion model and 434 outliers with the complex model. For phonemic fluency the outlier num-
bers were 493 and 377 in the simple and complex model, the corresponding numbers were 495
vs 370 for semantic fluency. Given the better fit of the complex model and the smaller numbers
of outliers identified by this model it was chosen as the preferred method.

Step 3: Outlier characteristics
Outliers were not different from others in terms of age, sex, and education in a systematic man-
ner across the three cognitive tests (Table 3). However, their cognitive test scores in 2012–13
were higher on all tests with outliers (all p<0.001) such that the scores on these tests over the
four waves showed outliers to increase their cognitive scores, whereas other participants experi-
enced cognitive decline. However, restricting analyses to the first three waves of data showed
that outliers in 2012–13 had experienced greater annual decline over the first three waves of
data collection compared to others (Table 3). On the other tests at the 2012–13 assessment, the
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Fig 1. Sample selection, Whitehall II Study.

doi:10.1371/journal.pone.0132110.g001
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differences on MMSE, memory and vocabulary scores were not systematic although outliers
had quicker speed of completion of the TMT A & B (all p<0.01).

Step 4: Impact of exclusion of outliers
Prior to exclusion of outliers the annual change in reasoning, phonemic and semantic fluency
was larger using data from the first three waves compared to that using all four waves
(Table 4). After exclusion, the rates were similar for reasoning (p = 0.46) and phonemic fluency
(p = 0.96) and the decline stronger using all 4 waves instead of the first 3 waves for semantic
fluency (-0.13 vs -0.12, p = 0.001).

Table 2. Comparison of residuals: from 1997–99 to 2007–09 compared with 2012–13.

Across first 3 waves (1997–99 to 2007–09) At fourth wave (2012–13) Threshold used to define outliers*
Range M (SD) M (SD)

Simple prediction model

Reasoning (AH4-I) 0–65 0.00 (2.96) 1.68 (4.69) 5.92

Phonemic fluency 0–35 0.00 (1.92) 0.54 (2.93) 3.84

Semantic fluency 0–35 0.00 (1.71) 0.34 (2.64) 3.42

Widely adjusted prediction model

Reasoning (AH4-I) 0–65 0.00 (2.98) 0.44 (4.75) 5.96

Phonemic fluency 0–35 0.00 (1.94) 0.22 (2.86) 3.88

Semantic fluency 0–35 0.00 (1.77) 0.09 (2.58) 3.54

*Represents 2SD of the residual from the prediction model across first 3 waves.

doi:10.1371/journal.pone.0132110.t002

Table 1. Comparison of annual change between 1997–99 and 2007–09 with that between 1997–99 and
2012–13.

N 1997–99 to 2007–09 M (SD) 1997–99 to 2012–13 M (SD) p-value

ALL PARTICIPANTS IN 2012–2013

Memory 5067 -0.07 (0.27) -0.07 (0.18) 0.875

Reasoning 5104 -0.28 (0.65) -0.24 (0.45) <0.001

Phonemic fluency 5104 -0.16 (0.42) -0.13 (0.27) <0.001

Semantic fluency 5108 -0.13 (0.37) -0.12 (0.24) 0.02

Vocabulary 5109 0.02 (0.26) 0.01 (0.18) 0.01

ASSESSMENT AT CLINIC IN 2012–13

Memory 4279 -0.07 (0.26) -0.07 (0.18) 0.29

Reasoning 4300 -0.28 (0.63) -0.22 (0.44) <0.001

Phonemic fluency 4300 -0.16 (0.40) -0.12 (0.26) <0.001

Semantic fluency 4304 -0.12 (0.36) -0.11 (0.24) 0.02

Vocabulary 4304 0.02 (0.24) 0.01 (0.17) 0.17

ASSESSMENT AT HOME IN 2012–13

Memory 788 -0.09 (0.33) -0.11 (0.20) 0.10

Reasoning (AH4-I) 804 -0.29 (0.73) -0.31 (0.50) 0.16

Phonemic fluency 804 -0.15 (0.50) -0.15 (0.31) 0.64

Semantic fluency 804 -0.15 (0.42) -0.14 (0.27) 0.75

Vocabulary 805 0.01 (0.34) -0.02 (0.23) 0.01

Abbreviations: M mean, SD standard deviation.

doi:10.1371/journal.pone.0132110.t001
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Table 3. Characteristics of outliers compared to others assessed at the clinic in 2012–13.

Reasoning (N = 5516) Phonemic fluency (N = 5513) Semantic fluency (N = 5516)

2012–13
characteristics

Outliers Others age adjusted
p value*

Outliers Others age adjusted
p value*

Outliers Others age adjusted
p value*

N (%) 434 (7.87) 5082
(92.13)

377 (6.84) 5136
(93.16)

370 (6.71) 5146
(93.29)

Age (years) 70.43
(5.58)

69.41
(5.79)

<0.001 68.63
(5.53)

69.56
(5.79)

0.003 69.15
(5.77)

69.52
(5.78)

0.23

Men, N (%) 298
(68.66)

3692
(72.65)

0.08 269
(71.35)

3720
(72.43)

0.62 286
(77.30)

3704
(71.98)

0.03

Education, N (%)

Lower secondary 199
(45.85)

2083
(40.99)

125
(33.16)

2155
(41.96)

125
(33.78)

2157
(41.92)

Secondary school 116
(26.73)

1387
(27.29)

0.31 113
(29.97)

1390
(27.06)

0.02 104
(28.11)

1399
(27.19)

0.01

University 119
(27.42)

1612
(31.72)

136
(36.87)

1591
(30.98)

141
(38.11)

1590
(30.90)

Test score in 2012–
13

48.45
(10.25)

42.85
(11.34)

<0.001 21.44
(4.20)

14.70
(3.94)

<0.001 20.33
(3.17)

14.55
(3.73)

<0.001

Annual cognitive
change

1997–99 to 2007–09 -0.43
(0.77)

-0.27
(0.63)

<0.001 -0.24
(0.52)

-0.15
(0.41)

<0.001 -0.21
(0.43)

-0.12
(0.36)

<0.001

1997–99 to 2012–13 0.25
(0.60)

-0.26
(0.48)

<0.001 0.21
(0.35)

-0.15
(0.29)

<0.001 0.15
(0.31)

-0.14
(0.27)

<0.001

Score on cognitive tests not part of outlier detection (2012–13)

Memory 5.55
(2.19)

6.05
(2.39)

0.002 6.27
(2.47)

5.99
(2.37)

0.21 6.29
(2.36)

5.99
(2.38)

0.04

Vocabulary 24.22
(6.20)

25.26
(4.59)

<0.001 25.38
(50.4)

25.17
(4.71)

0.59 26.05
(4.29)

25.12
(4.77)

<0.001

MMSE 28.14
(1.60)

28.35
(1.58)

0.08 28.35
(1.37)

28.33
(1.59)

0.65 28.45
(1.36)

28.32
(1.59)

0.26

Trail Making Test A 37.87
(14.99)

39.04
(18.17)

0.01 34.78
(11.10)

39.25
(18.27)

<0.001 34.30
(11.54)

39.28
(18.27)

<0.001

Trail Making Test B 81.42
(37.41)

85.22
(39.02)

0.001 76.26
(33.21)

85.54
(39.22)

<0.001 73.15
(27.55)

85.77
(39.46)

<0.001

*For difference between outliers and non-outliers

Figures are means (SD) unless stated otherwise.

doi:10.1371/journal.pone.0132110.t003

Table 4. Mean annual change over the first 3 waves (1997/99 to 2007/09) and over all 4 waves (1997/99 to 2012/13) before and after exclusion of
outliers.

BEFORE EXCLUSION OF OUTLIERS AFTER EXCLUSION OF OUTLIERS

N 1997–99 to 2007–09 1997–99 to 2012–13 N 1997–99 to 2007–09 1997–99 to 2012–13
M (SD) M (SD) p-value M (SD) M (SD) p-value

Reasoning (AH4-I) 5104 -0.28 (0.65) -0.24 (0.45) <0.001 4725 -0.27 (0.63) -0.27 (0.44) 0.46

Phonemic fluency 5104 -0.16 (0.42) -0.13 (0.27) <0.001 4757 -0.15 (0.41) -0.15 (0.25) 0.96

Semantic fluency 5108 -0.13 (0.37) -0.12 (0.24) 0.02 4763 -0.12 (0.36) -0.13 (0.24) 0.001

Abbreviations: M mean, SD standard deviation.

doi:10.1371/journal.pone.0132110.t004
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The effect of 10 years of ageing, adjusted for year of birth, sex and education, was a -2.76
(95%CI = -2.87,-2.65) before and -3.11 (95%CI = -3.22, -3.00) after exclusion of outliers for
reasoning (data not tabulated). Corresponding figures were -1.33 (95%CI = -1.39, -1.26) and
-1.54 (95%CI = -1.61, -1.48) for phonemic fluency and -1.20 (95%CI = -1.26, -1.14) and –1.37
(95%CI = -1.43, -1.31) for semantic fluency. Exclusion of outliers led to an increase in the effect
of ageing between 12.7% and 15.8%.

Table 5 presents the association of diabetes with 10-year cognitive change before and after
exclusion of outliers. For reasoning and semantic fluency, associations were similar in both
samples. The association between diabetes and decline in phonemic fluency became evident
after exclusion of outliers.

Discussion
In response to observation of non-adherence to protocol at the fourth wave of cognitive data
collection we undertook a search for outliers upon completion of data collection. This proce-
dure identified approximately seven percent of data on three tests to be outliers. The outliers
were not characterised by a specific socio-demographic profile, but we were able to show
implausible “cognitive ageing” such that their cognitive scores improved over the follow-up,
rather than declined as in the rest of the study sample, when data from the 2012–13 were
included in the analyses. Analysis of the effects of age and diabetes, strong correlates of acceler-
ated cognitive ageing, also show that not removing outliers from the analysis would result in
underestimation of their effects.

The identification of outliers in studies is an inexact science. This is particularly the case in
longitudinal data were there may be outliers at the within-person and between-person levels.
Thus, an individual can be an outlier with respect to the rest of the population or an observa-
tion can be an outlier with respect to previous or subsequent measurements from an individual.
In both cases, outliers generally serve to increase error variance, reduce the power of statistical
tests, and bias estimates. Residuals are the most common diagnostic method to identify

Table 5. Estimated difference in cognitive decline over 10 years, as a function of diabetes status in 1997/99.

Before exclusion After exclusion
Beta† (95% CI) Beta† (95% CI)

Reasoning (AH4-I)

Nobs = 20847 N = 6269 Nobs = 20482 N = 6269

Normoglycaemia Ref (-2.80‡ (-2.91, -2.69)) Ref (-3.14‡ (-3.25, -3.03))

Diabetes -0.79 (-1.38, -0.19)* -0.84 (-1.45, -0.24)*

Phonemic fluency

Nobs = 20881 N = 6281 Nobs = 20556 N = 6281

Normoglycaemia Ref (-1.33‡ (-1.39, -1.26)) Ref (-1.53‡ (-1.60, -1.47))

Diabetes -0.29 (-0.62, 0.05) -0.46 (-0.79, -0.13)*

Semantic fluency

Nobs = 20882 N = 6282 Nobs = 20561 N = 6282

Normoglycaemia Ref (-1.20‡ (-1.26, -1.14)) Ref (-1.37‡ (-1.43, -1.31))

Diabetes -0.15 (-0.46, 0.15) -0.16 (-0.46, 0.14)

*P<0.01.
†Models with age as time-scale and adjusted for year of birth, sex, education, and their interaction with age. Betas are for difference in cognitive change

over 10 years.
‡ 10-year cognitive change in the reference group.

doi:10.1371/journal.pone.0132110.t005
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outliers, they are a gauge of how far a measurement is from the predicted value.[8] The earliest
outlier test criterion suggested that observations whose residual exceeds in magnitude five
times the probable error were likely to be outliers.[6] However, criteria based on simple multi-
ples of the sample standard deviation for the detection of outliers is not optimal because of
their interdependence: outliers lead to inflated standard deviations upon which outlier detec-
tion is based.[33] Outlier detection using fixed multiples is also inefficient as the number of
measurements that are identified as outliers will be influenced by the size of the sample. One
solution is the use of a studentized residual where the standard deviation is drawn from the
population. Our solution is an adaptation of this strategy, the standard deviation used to define
residuals was drawn from data at all waves prior to the one subject to outlier detection. Use of
2.5 instead of 2 standard deviations identified fewer data points (4.7%) as being outliers but did
not correct the effects on cognitive decline (data not tabulated but available from authors).

Outliers can be real or erroneous; removing the former would be problematic as it would lead
to the exclusion of genuine extreme values, resulting in underestimation of uncertainty present
in the data. Longitudinal studies relate measurements made at several different times on a single
individual, with the intention of studying change in processes such as growth or decline. The
study of cognition in longitudinal studies is also known to be affected by biases such as retest or
practice effects which arise out of growing familiarity with the tests and testing environment;
decrease in stress and anxiety; recall effects; procedural learning; and actual learning over time.
There are various statistical strategies for dealing with these effects, which have been well
described by Ferrer and colleagues[33] and Rabbitt and colleagues.[31,34] These effects are
important to consider as the effects of age can be cancelled out or obscured by hidden practice
effects. Previous research suggests that practice effects decrease in magnitude over occasions;[33,
34] younger and higher ability persons have also been shown to gain more from practice.[34]
The fact that we did not observe these patterns in our data at the 2012–13 wave of data collection
suggests that our data are affected by outliers rather than a manifestation of practice effects. For
example, education and age did not have a systematic association with being an outlier in our
study. Thus, the most likely explanation for the elevated scores obtained by some participants is
that the time allocated for the completion of the tests was not respected. The vocabulary test,
which was placed in between the reasoning and the fluency tests, had ten minutes allocated to it
and some of this time appears to have been used by some participants to “improve” performance
on other tests. As this was the fourth wave of cognitive data collection, participants had become
familiar both with the tests and the testing conditions. We believe it is familiarity with the testing
procedure that has led to the improvement in scores. To confirm this, at the next wave of data
collection, the vocabulary test will be removed, and the booklet separated into two in order to
ensure that the time allocated to each test is strictly adhered to by the participants.

Conclusions
The detection of outliers within the framework of longitudinal studies has received very little
attention despite the plethora of studies on ageing. We used a prediction model to calculate
residuals, which were then used to identify outliers. These outliers have been reset to be miss-
ing. This solution is particularly appealing in the context of a longitudinal study as it allows us
to retain other data points from the individual in the analysis. As the study is ongoing we will
be able to reassess our strategy when the next wave of data become available in 2017.

Acknowledgments
We thank all of the participating civil service departments and their welfare, personnel, and
establishment officers; the British Occupational Health and Safety Agency; the British Council

Detection of Outliers

PLOS ONE | DOI:10.1371/journal.pone.0132110 July 10, 2015 11 / 13



of Civil Service Unions; all participating civil servants in the Whitehall II study; and all mem-
bers of the Whitehall II study team. The Whitehall II Study team comprises research scientists,
statisticians, study coordinators, nurses, data managers, administrative assistants and data
entry staff, who make the study possible.

Author Contributions
Conceived and designed the experiments: AD SS MJS CWMK ASM. Performed the experi-
ments: AD SS ASM. Analyzed the data: AD SS. Contributed reagents/materials/analysis tools:
AD SS MJS CWMK ASM. Wrote the paper: AD SS ASM.

References
1. Dodd S, White IR, Williamson P. (2012) Nonadherence to treatment protocol in published randomised

controlled trials: a review. Trials 13: 84. doi: 10.1186/1745-6215-13-84 PMID: 22709676

2. Fergusson D, Aaron SD, Guyatt G, Hebert P. (2002) Post-randomisation exclusions: the intention to
treat principle and excluding patients from analysis. BMJ (Clinical research ed 325: 652–654. PMID:
12242181

3. Grubbs FE. (1969) Procedures for detecting outlying obesrvations in samples. Technometrics 11:
1–21.

4. Motulsky HJ, Brown RE. (2006) Detecting outliers when fitting data with nonlinear regression—a new
method based on robust nonlinear regression and the false discovery rate. BMC Bioinformatics 7: 123.
PMID: 16526949

5. McClure FD, Lee JK, Wilson DB. (2003) Validity of the percent reduction in standard deviation outlier
test for screening laboratory means from a collaborative study. J AOAC Int 86: 1045–1055. PMID:
14632408

6. DixonWJ. (1950) Analysis of extreme vlaues. The Annals of Mathematical Statistics 21: 488–506.

7. Welch C, Petersen I, Walters K, Morris RW, Nazareth I, et al. (2012) Two-stage method to remove pop-
ulation- and individual-level outliers from longitudinal data in a primary care database. Pharmacoepide-
miol Drug Saf 21: 725–732. doi: 10.1002/pds.2270 PMID: 22052713

8. Diggle P, Heagerty P, Liang K-Y, Zeger S (2002) Analysis of longitudinal data. 2nd ed. ed. Oxford:
OUP.

9. Marmot M, Brunner E. (2005) Cohort Profile: the Whitehall II study. Int J Epidemiol 34: 251–256. PMID:
15576467

10. Heim AW (1970) AH 4 group test of general Intelligence. Windsor, UK: NFER-Nelson Publishing Com-
pany Ltd.

11. Raven JC (1965) Guide to using the Mill Hill vocabulary test with progressive matrices. London, UK:
HK Lewis.

12. Borkowski JG, Benton AL, Spreen O. (1967) Word fluency and brain damage. Neuropsychologica 5:
135–140.

13. Folstein MF, Folstein SE, McHugh PR. (1975) "Mini-mental state". A practical method for grading the
cognitive state of patients for the clinician. J Psychiatr Res 12: 189–198. PMID: 1202204

14. Bowie CR, Harvey PD. (2006) Administration and interpretation of the Trail Making Test. Nat Protoc 1:
2277–2281. PMID: 17406468

15. Singh-Manoux A, Marmot MG, Glymour M, Sabia S, Kivimaki M, et al. (2011) Does cognitive reserve
shape cognitive decline? Ann Neurol 70: 296–304. doi: 10.1002/ana.22391 PMID: 21563209

16. Solomon A, Mangialasche F, Richard E, Andrieu S, Bennett DA, et al. (2014) Advances in the preven-
tion of Alzheimer's disease and dementia. J Intern Med 275: 229–250. doi: 10.1111/joim.12178 PMID:
24605807

17. Stern Y. (2002) What is cognitive reserve? Theory and research application of the reserve concept. J
Int Neuropsychol Soc 8: 448–460. PMID: 11939702

18. Barnes DE, Yaffe K. (2011) The projected effect of risk factor reduction on Alzheimer's disease preva-
lence. Lancet Neurol 10: 819–828. doi: 10.1016/S1474-4422(11)70072-2 PMID: 21775213

19. Sabia S, Nabi H, Kivimaki M, Shipley MJ, Marmot MG, et al. (2009) Health behaviors from early to late
midlife as predictors of cognitive function: TheWhitehall II study. Am J Epidemiol 170: 428–437. doi:
10.1093/aje/kwp161 PMID: 19574344

Detection of Outliers

PLOS ONE | DOI:10.1371/journal.pone.0132110 July 10, 2015 12 / 13

http://dx.doi.org/10.1186/1745-6215-13-84
http://www.ncbi.nlm.nih.gov/pubmed/22709676
http://www.ncbi.nlm.nih.gov/pubmed/12242181
http://www.ncbi.nlm.nih.gov/pubmed/16526949
http://www.ncbi.nlm.nih.gov/pubmed/14632408
http://dx.doi.org/10.1002/pds.2270
http://www.ncbi.nlm.nih.gov/pubmed/22052713
http://www.ncbi.nlm.nih.gov/pubmed/15576467
http://www.ncbi.nlm.nih.gov/pubmed/1202204
http://www.ncbi.nlm.nih.gov/pubmed/17406468
http://dx.doi.org/10.1002/ana.22391
http://www.ncbi.nlm.nih.gov/pubmed/21563209
http://dx.doi.org/10.1111/joim.12178
http://www.ncbi.nlm.nih.gov/pubmed/24605807
http://www.ncbi.nlm.nih.gov/pubmed/11939702
http://dx.doi.org/10.1016/S1474-4422(11)70072-2
http://www.ncbi.nlm.nih.gov/pubmed/21775213
http://dx.doi.org/10.1093/aje/kwp161
http://www.ncbi.nlm.nih.gov/pubmed/19574344


20. Ainsworth BE, Haskell WL, Herrmann SD, Meckes N, Bassett DR Jr., et al. (2011) 2011 Compendium
of Physical Activities: a second update of codes and MET values. Med Sci Sports Exerc 43: 1575–
1581. doi: 10.1249/MSS.0b013e31821ece12 PMID: 21681120

21. Kaffashian S, Dugravot A, Nabi H, Batty GD, Brunner E, et al. (2011) Predictive utility of the Framing-
ham general cardiovascular disease risk profile for cognitive function: evidence from theWhitehall II
study. Eur Heart J 32: 2326–2332. doi: 10.1093/eurheartj/ehr133 PMID: 21606085

22. Singh-Manoux A, Britton AR, Marmot M. (2003) Vascular disease and cognitive function: evidence
from the Whitehall II Study. J AmGeriatr Soc 51: 1445–1450. PMID: 14511166

23. Singh-Manoux A, Sabia S, Lajnef M, Ferrie JE, Nabi H, et al. (2008) History of coronary heart disease
and cognitive performance in midlife: the Whitehall II study. Eur Heart J 29: 2100–2107. doi: 10.1093/
eurheartj/ehn298 PMID: 18648106

24. Jokela M, Singh-Manoux A, Ferrie JE, Gimeno D, Akbaraly TN, et al. (2010) The association of cogni-
tive performance with mental health and physical functioning strengthens with age: theWhitehall II
cohort study. Psychol Med 40: 837–845. doi: 10.1017/S0033291709991024 PMID: 19719898

25. Singh-Manoux A, Akbaraly TN, Marmot M, Melchior M, Ankri J, et al. (2010) Persistent depressive
symptoms and cognitive function in late midlife: the Whitehall II study. J Clin Psychiatry 71: 1379–
1385. doi: 10.4088/JCP.09m05349gry PMID: 20584520

26. The Expert Committee on the Diagnosis and Classification of Diabetes. (1997) Report of the Expert
Committee on the Diagnosis and Classification of Diabetes Mellitus. Diabetes Care 20: 1183–1197.
PMID: 9203460

27. Ferrie JE, Langenberg C, Shipley MJ, Marmot MG. (2006) Birth weight, components of height and coro-
nary heart disease: evidence from theWhitehall II study. Int J Epidemiol 35: 1532–1542. PMID:
16931524

28. Britton A, Milne B, Butler T, Sanchez-Galvez A, Shipley M, et al. (2012) Validating self-reported strokes
in a longitudinal UK cohort study (Whitehall II): Extracting information from hospital medical records ver-
sus the Hospital Episode Statistics database. BMCMed Res Methodol 12: 83. doi: 10.1186/1471-
2288-12-83 PMID: 22720999

29. Ware JE, Snow KK, Kosinski M (1993) SF-36 health Survey: manual and interpretation guide. Boston
MA: The Health Institute, New England Medical Centre.

30. Watson R, Deary IJ, Shipley B. (2008) A hierarchy of distress: Mokken scaling of the GHQ-30. Psychol
Med 38: 575–579. doi: 10.1017/S003329170800281X PMID: 18226289

31. Rabbitt P, Diggle P, Smith D, Holland F, Mc IL. (2001) Identifying and separating the effects of practice
and of cognitive ageing during a large longitudinal study of elderly community residents. Neuropsycho-
logia 39: 532–543. PMID: 11254936

32. Fitzmaurice GM, Laird NM, Ware JH (2004) Applied longitudinal analysis. Hoboken, New Jersey:

33. Ferrer E, Salthouse TA, Stewart WF, Schwartz BS. (2004) Modeling age and retest processes in longi-
tudinal studies of cognitive abilities. Psychol Aging 19: 243–259. PMID: 15222818

34. Rabbitt P, Lunn M, Wong D, Cobain M. (2008) Age and ability affect practice gains in longitudinal stud-
ies of cognitive change. J Gerontol B Psychol Sci Soc Sci 63: 235–240.

Detection of Outliers

PLOS ONE | DOI:10.1371/journal.pone.0132110 July 10, 2015 13 / 13

http://dx.doi.org/10.1249/MSS.0b013e31821ece12
http://www.ncbi.nlm.nih.gov/pubmed/21681120
http://dx.doi.org/10.1093/eurheartj/ehr133
http://www.ncbi.nlm.nih.gov/pubmed/21606085
http://www.ncbi.nlm.nih.gov/pubmed/14511166
http://dx.doi.org/10.1093/eurheartj/ehn298
http://dx.doi.org/10.1093/eurheartj/ehn298
http://www.ncbi.nlm.nih.gov/pubmed/18648106
http://dx.doi.org/10.1017/S0033291709991024
http://www.ncbi.nlm.nih.gov/pubmed/19719898
http://dx.doi.org/10.4088/JCP.09m05349gry
http://www.ncbi.nlm.nih.gov/pubmed/20584520
http://www.ncbi.nlm.nih.gov/pubmed/9203460
http://www.ncbi.nlm.nih.gov/pubmed/16931524
http://dx.doi.org/10.1186/1471-2288-12-83
http://dx.doi.org/10.1186/1471-2288-12-83
http://www.ncbi.nlm.nih.gov/pubmed/22720999
http://dx.doi.org/10.1017/S003329170800281X
http://www.ncbi.nlm.nih.gov/pubmed/18226289
http://www.ncbi.nlm.nih.gov/pubmed/11254936
http://www.ncbi.nlm.nih.gov/pubmed/15222818

