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A B S T R A C T

Inflammatory markers including C-Reactive Protein (CRP) are increasingly used within research and clinical
settings. Yet, varying methodologies for cleaning immunoassay data with out of range (OOR) samples may alter
characteristic levels of CRP, thereby obscuring interpretation and reliability. This study investigated the influ-
ence of eight immunoassay OOR data treatment techniques on salivary CRP (sCRP) samples from at-risk ado-
lescents. Participants from the ‘Sleep and Education: learning New Skills Early’ (SENSE) Study were 86 ado-
lescents at-risk for depression (50 female), aged 14.29 years (SD=1.04). ANOVA results showed no statistically
significant differences in average morning (F(7, 590)=1.24, p= .28) and evening (F(7, 599)=1.29, p= .25)
values produced by each OOR data cleaning technique. However, varying techniques produced differences in the
magnitude of Pearson’s correlations between consecutive saliva samples (r’s between 0.27–0.78), and influenced
the significance of a sCRP diurnal pattern; two techniques produced statistically higher morning than evening
sCRP levels (t(85)= 2.70, p= .01 and t(85)= 2.67, p= .01), whereas six techniques failed to find statistical
differences between morning and evening sCRP levels (p’s> .05). Varying techniques also produced statistically
divergent associations between sCRP and age and depressive symptoms. Results from this study provide evi-
dence for the temporal stability of sCRP among adolescents, show winsorization as an effective OOR data
management technique, and highlight the influence of methodological decisions in cleaning salivary biomarker
data and the need for consistency within the field.

1. Introduction

C-reactive protein (CRP) is a rapid systemic inflammatory responder
to infection and tissue damage, supporting the immune system by
killing and clearing pathogens from the body (Black et al., 2004). In-
flammatory markers such as CRP are increasingly used in human clin-
ical research as tools to measure exposure to various forms of psycho-
logical stress, biological responses to treatment interventions, and risk
for medical issues such as cardiovascular disease (CVD; Ridker, 2003).
Although most studies have measured peripheral inflammatory markers
in blood, newer research suggests that oral fluids (e.g., saliva, oral
mucosal transudate, gingival crevicular fluid) may provide accurate
detection of acute phase proteins such as CRP (Byrne et al., 2013), as
well as associations between localized inflammatory markers and social
stress (Slavich et al., 2010), depression (Delany et al., 2016), systemic

inflammation (Megson et al., 2010), cognitive functioning (Cullen
et al., 2017), and physical and psychological health (Naidoo et al.,
2012; Goodson et al., 2014; Cicchetti et al., 2015). Investigating in-
flammatory markers via saliva has pragmatic benefits including relative
ease of collection and non-invasiveness of sampling, making saliva
particularly acceptable for use with clinical populations like anxious or
depressed adolescents. Yet despite their utility, levels of salivary in-
flammatory markers such as salivary CRP (sCRP) may be highly sensi-
tive to methodological decisions arising from the immunoassay process.

Immunoassays are tests used to quantify specific biomarker levels
within a sample, using known concentrations of the biomarker (i.e.,
standards) to generate a standard curve. Sample values are then inter-
polated onto the standard curve to determine biomarker levels. Out of
range (OOR) samples are values that are flagged by the assay procedure
as ‘non-detects,’ samples too high above or too low below the standard
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curve range. These samples represent unique forms of missing data and
require informed cleaning before their use in analyses. In the case of
sCRP specifically, extreme sample values resultant from endogenous
participant factors such as medication use, acute infection, or recent
trauma (Posthouwer et al., 2004; Tsai et al., 2005; O’Brien et al., 2006;
Prasad, 2006; Haran et al., 2012) are often excluded from analyses
(Miller and Cole, 2012; Byrne et al., 2013; Park et al., 2016). However,
the question of how to manage OOR data that persist after external
factors have been controlled for remains.

Ideally, adjusted dilution and re-assay of OOR samples to fit within the
standard curve range would occur, requiring additional resources that may
no longer be available such as extra sample and assay kits. Incidentally,
researchers investigating biomarkers have utilized numerous methods for
OOR data management but often without justification for specific tech-
niques. Some have removed all participants with OOR data (e.g., list-wise
deletion, as in Lucas et al., 2016), calculated summary statistics for only
detected observations (e.g., pair-wise deletion, as recommended by the
United States [US] Environmental Protection Agency [EPA], 2000), im-
puted OOR data using covariate information (Lubin et al., 2004; Baccarelli
et al., 2005), or winsorized OOR data (Patel et al., 2015). Still, others have
substituted arbitrary values for low OOR samples (such as one half of the
assay sensitivity value, e.g., Meier-Ewert et al., 2001; Tajimi et al., 2005),
dichotomized data into ‘high’ versus ‘low’ level groups (Visser et al., 1999;
Epel et al., 2001; Danner et al., 2003), extrapolated values outside the
assay standard curve to incorporate OOR data (Kifude et al., 2008; Breen
et al., 2011; Schlaudecker et al., 2013), or, more commonly, not reported
OOR treatment procedures at all (e.g., Park et al., 2016).

To date, no consensus exists to address the many methods for treating
immunoassay OOR data within psychobiological research despite the
growing use of biomarkers such as sCRP. Arriving at such an accord is
necessary for diligent research design and cross-study comparisons, as
well as for clinical decision making. For example, cutoff points of<1
mg/L (low), 1–3mg/L (moderate), and>3mg/L (high) of serum CRP
levels have been used to assess American Heart Association (AHA) CVD
risk (Ridker, 2003), with Out et al. (2012) finding similar results when
predicting AHA CVD risk from sCRP levels as well. These findings
highlight the utility of salivary measures of inflammation, and the strong
needs for consistent processing of immunoassay data to ensure mea-
surement reliability.

Therefore, from a sample of convenience, this paper aimed to evaluate
the sensitivity of levels of sCRP to OOR data cleaning techniques in three
distinctive ways. First, previous research has shown in sample sizes ran-
ging from 27 to 107 participants that sCRP is highly stable over con-
secutive days and across time (Out et al., 2012; Izawa et al., 2013). As
such, we aimed to first test the influence of eight distinct OOR data
treatment methodologies on their capacity to alter the strength of corre-
lation between consecutive, biological duplicate (i.e., “test-retest”) sam-
ples across two days. Second, because some research has shown that sCRP
exhibits a high morning, low evening diurnal pattern (Koc et al., 2010;
Out et al., 2012; Izawa et al., 2013; Cullen et al., 2017), we aimed to
examine how different OOR data cleaning techniques may influence the
relationship between morning and evening levels of sCRP. Third, as CRP
has been previously associated with both age (Park et al., 2016) and
depression (Howren et al., 2009), we aimed to investigate how varying
OOR data treatment techniques could influence the strength of associa-
tions between CRP and age, and CRP and depressive symptoms. Hopefully
this will lead to more consistent methodological treatment for research
with inflammatory biomarkers, greater reproducibility and replication,
ultimately resulting in greater vertical movement in this field.

2. Materials and methods

2.1. Participants

A baseline subsample of participants within the ‘Sleep and
Education: learning New Skills Early’ (SENSE) Study who provided both

morning and evening saliva samples across two consecutive days and
who reported no medication use nor recent physical illness were chosen
for inclusion in the present study. Eighty-six adolescents (50 female)
aged 14.29 years (SD=1.04) provided 344 saliva samples. Briefly, the
SENSE Study (n=144) was a randomized control trial (RCT) in-
vestigating the efficacy of a 7-week mindfulness-based cognitive be-
havior sleep treatment program to prevent depression in at-risk ado-
lescents. ‘At-risk’ was defined as adolescents with high anxiety and poor
sleep, and no current or prior diagnosis of a Major Depressive Disorder.
Supplementary Table 1 presents brief participant descriptive data in-
cluding ‘at-risk’ characterization as defined by the SENSE Study. A full
description of the screening process and protocol for the SENSE Study
can be found in Waloszek et al. (2015), and immediate post-interven-
tion treatment effects can be found in Blake et al. (2016) and Blake
et al. (2017a, 2017b).

2.2. Salivary C-reactive protein measurement

Participants collected approximately 2mL per each saliva sample via
‘passive drool’ and were instructed not to eat, drink, or brush their teeth
for at least 30min prior to sample collection. Consecutive weekday
morning 1 (M1) and morning 2 (M2) average collection times were 07:25
(SD=79.0min), and 07:16 (SD=59.1min), respectively. Consecutive
weekday evening 1 (E1) and evening 2 (E2) average collection times
were 20:42 (SD=66.0min), and 20:09 (SD=78.9min), respectively.
Samples were first stored in a −30 °C freezer for an average of 16.0
months (SD=11.3 months), and in preparation for assay, all samples
were removed from −30 °C freezers to centrifuge at 10,000 g for 10min
at room temperature (24 °C). Clarified saliva was aliquoted into 1.5mL
eppendorf tubes and stored in −80 °C freezers until the day of assay, an
average of 36.5 months after sample collection (SD=10.6 months).
Samples underwent two freeze/thaw cycles. Enzyme-linked im-
munosorbent assays (ELISA) were conducted with sCRP Salimetrics
(State College, PA) research assay kits following protocols. All samples
were assayed in duplicate using identical lot number assay kits. Saliva
test volume was 15 μL, samples were diluted 1:10 prior to assay, and kits
had a standard curve range from 93.75 to 3000 pg/mL with a lower limit
of sensitivity of 10 pg/mL. Inter- and intra-assay coefficients of varia-
bility were 4.68% and 16.0%, respectively.

2.3. Medication use/physical health

Diaries were used during sample collection to exclude possible in-
fluences of recent medication use or physical illness on sample values.
Although serum levels of CRP > 10mg/L indicate acute infection
(Ridker, 2003; Pearson et al., 2003), no corresponding acute infection
cut-off values for CRP as measured by saliva exist to date. Therefore,
participants were chosen for the current methodological study if they
reported no current or recent medication use, physical illness or injury,
or oral health issue.

2.4. Standard curve constraints

Standard microplate readers used for ELISA include software that
supports absorbance detection for bioassays and calculations of corre-
sponding concentrations based on interpolation of the optical density
(OD) onto the standard curve. Using an extrapolation method within KC
Junior Software® (Bio-Tek Instruments, Inc.), a widely used data analysis
software for absorbance detection with immunoassays, extrapolated OD
values were interpolated on the linear standard curve recommended by
Salimetrics for sCRP.

Data outside the immunoassay standard curve range were removed
in strict standard curve datasets. Data that were software-extrapolated
outside the standard curve range were retained within relaxed standard
curve datasets. Table 1 depicts percent and number of low and high
OOR data per strict and relaxed curve datasets.
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2.5. Assay out of range treatment techniques

In addition to standard curve extrapolation, four common techni-
ques used in the literature for OOR data were tested in the present
study. Each of the four OOR treatment techniques were performed on
both datasets with strict curves and with relaxed curves, thereby gen-
erating a total of eight datasets.

2.5.1. List-wise deletion
In the strict list-wise deletion (LWD) dataset, participants with OOR

values outside the standard curve were deleted list-wise from analyses
(n=40 deleted participants, 46 remained). For the relaxed LWD da-
taset, participants were deleted list-wise from analyses only if OOR
sample values remained after extrapolation of the curve (n=9 deleted
participants, 77 remained).

2.5.2. Pair-wise deletion
Whereas LWD involves deleting all values for a given participant

with an OOR sample, PWD only deletes the sample value which is OOR
but the sample n remains unchanged. Therefore, for the strict pair-wise
deletion (PWD) dataset, sample values outside the standard curve were
deleted (n=82 samples), however, all participants (n=86) remained
for analyses. For the relaxed PWD dataset, OOR sample values that re-
mained OOR after extrapolation (n=20 samples) were never assigned
a value (i.e., left blank) and total number of participants (n=86) re-
mained unchanged.

2.5.3. Multiple imputation
For the strict multiple imputation (MI) dataset, sample values out-

side the standard curve were multiply imputed (n=82 samples), and
all participants (n=86) remained for analyses. For the relaxed MI da-
taset, OOR sample values that remained OOR after extrapolation
(n=20) were multiply imputed and total number of participants
(n=86) remained unchanged. Section 2.6 details specific multiple
imputation methods.

2.5.4. Winsorization
For the strict winsorization dataset, any sample above or below the

standard curve (n=82 samples) was winsorized (i.e., the data point
was replaced with the next highest or lowest value from values within
the standard curve range, rounded to the next .01 pg/mL), constituting
an unchanged total number of participants (n=86). For the relaxed
winsorization dataset, sample values that remained OOR after extra-
polation (n=20) were winsorized as above using values within the
relaxed sample distribution range, with an unchanged total number of
participants (n=86).

Table 1 presents the identical sCRP datasets treated in eight dif-
ferent ways to compare eight methods of managing OOR data.

2.6. Statistical analyses

Data cleaning, analyses, and graphics were conducted in RStudio
Version 3.4.0 (R Development Core Team, 2017), using the following
packages: ‘stats’ (R Development Core Team, 2017), ‘BaylorEdPsych’
(Beaujean, 2012), ‘mice’ (van Buuren and Groothius-Oudshoorn, 2011),
‘miceadds’ (Robitzsch et al., 2017), ‘psych’ (Revelle, 2017), and ‘ggplot2’
(Wickham, 2009). All datasets were tested for random missingness of
OOR data using Little’s Missing Completely at Random (MCAR) test
(Little, 1988), and were found to meet either MCAR or ‘missing at
random’ (MAR) standards.

Corresponding OOR treatment techniques were applied to each
dataset, and morning-average (Mavg) and evening-average (Eavg) sCRP
values were calculated within each dataset by taking the average of M1
and M2 samples, and E1 and E2 samples, respectively. Outliers> ±3
standard deviations (SD) above/below the mean were investigated by
log-transforming the values in each dataset (to correct for positive
skew), which revealed that only the SLWD, RLWD, and RW datasets
contained sample value outliers. As in Byrne et al. (2013) and Out et al.
(2012), statistical outliers in the SLWD (n=1 above), RLWD (n=2
above, 2 below), and RW (n=1 below) datasets were winsorized to the
0.01 pg/mL. Steps were taken to ensure these outliers were not extreme
and therefore possibly due to presence of acute infection: 1) partici-
pants were not included in this study if they self-reported recent acute
infection or medication use; 2) additional investigations confirmed
these outliers (n=6 total outliers) were between 3–4 SD from the mean,
and; 3) post-hoc analyses (not shown) were conducted which confirmed
that all results did not change when outliers were not winsorized. MI,
generating five imputed datasets, was performed on MI datasets on
natural log-transformed data with the predictive mean matching
method and appropriate for MCAR or MAR data.

Statistical analyses were performed on natural log transformed data
which corrected for positive skew in all datasets. Power analysis re-
vealed that 80% power would generate a moderate effect size with a
two-tailed α= .05 with 84 participants. One-way analyses of variance
(ANOVA) were performed to examine if datasets produced Mavg and
Eavg sCRP values which statistically differed from each other. Pearson’s
correlation analyses were conducted to assess the strength of stability
between M1 and M2 samples and E1 and E2 samples for each of the
eight datasets. Paired sample t-tests were performed on each dataset to
examine within-participant diurnal differences between Mavg and Eavg
samples. Simple regressions were conducted with each dataset to se-
parately examine the main effect of age and depression on sCRP levels.
Analyses were conducted on natural-log transformed data, but figures
were represented using log10 scales to better visualize dataset dis-
tributions.

3. Results

3.1. Sample characteristics

Demographic statistics for the sample and statistical differences
between participants with and without OOR values are presented in
Supplementary Table 1. Independent samples t-tests and chi square
analyses revealed no differences in demographic variables between
participants with and without OOR values.

3.2. Methodological influences on salivary CRP stability and diurnal pattern

Mean (SD) for Mavg and Eavg sCRP levels per each dataset are re-
presented in Table 2, descriptive statistics for consecutive morning and
evening sCRP samples for each of the eight datasets are displayed in
Supplementary Table 2. Table 2 also presents dataset dependent

Table 1
Dataset models.

Standard Curve OOR Samplesa

n (%)
Out of Range
Treatment Method

Dataset
Abbreviation (n)

Strict (S) bLow: 36
(10.5%)
bHigh: 46
(13.4%)

List-wise deletion (LWD) SLWD (46)
Pair-wise deletion
(PWD)

SPWD (86)

Multiple imputation
(MI)

SMI (86)

Winsorization (W) SW (86)
Relaxed (R) cLow: 0 (0.0%)

cHigh: 20 (5.8%)
List-wise deletion (LWD) RLWD (77)
Pair-wise deletion
(PWD)

RPWD (86)

Multiple imputation
(MI)

RMI (86)

Winsorization (W) RW (86)

a n=344 total saliva samples used in the current study.
b n=44 morning OOR samples, n=38 evening OOR samples.
c n=12 morning OOR samples, n=8 evening OOR samples.
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Pearson’s correlation results for the test-retest stability between M1 and
M2 and E1 and E2 samples, and paired sample t-test results for within-
participant diurnal differences between Mavg and Eavg sCRP levels.

One-way ANOVA results indicated no statistical differences between
the mean sample values produced by each OOR data cleaning technique
for either the average morning (F(7, 590)= 1.24, p= .28) or average
evening (F(7, 599)=1.29, p= .25) datasets. However, seven of the
eight datasets evidenced higher morning than evening average sCRP
levels; paired samples t-tests indicated this relationship was statistically
significant only for values within the SLWD and SPWD datasets
(p’s< .05). To account for possible within-subject correlations, mixed
model analyses were also conducted with sample ‘time’ and ‘day’ as
fixed effects and ‘participant ID’ as a random effect, which yielded si-
milar results (data not shown). That is, for the SLWD and SPWD data-
sets only, sample time (but not day) predicted the same value, identical
to paired sample t-test results.

Pearson’s correlation results represent differences in the magnitude
of significant positive correlations between M1 and M2 samples (all
p’s< .001) with correlation coefficients between .35 and .63 depending

on the dataset, and between E1 and E2 samples (all p’s< .05) with
correlation coefficients between 0.27 and 0.78, depending on the da-
taset. Fisher’s transformation results indicated that several day-to-day
stability correlation coefficients were statistically significantly different
from each other (Supplementary Table 3).

Table 3 represents the main effects of age and depressive symptoms
on morning and evening average levels of sCRP resultant from the eight
different datasets. Age was significantly associated with evening sCRP
levels only within the SW, RLWD, RMI, and RW datasets, and depres-
sive symptoms were significantly associated with evening sCRP levels
only within the SPWD dataset.

Fig. 1 depicts Pearson’s correlations between consecutive morning
and consecutive evening sCRP (log10-transformed) samples for datasets
with the strongest correlation (blue) and weakest correlation (red) ac-
cording to Pearson’s r as reported in Table 2. Fig. 2 shows kernel density
distribution plots for Mavg and Eavg sCRP levels, with wider kernel
bandwidths corresponding to denser clustering of samples, which re-
presents the varying degrees of difference in the range, concentration,
median, and interquartile range of observations captured by each da-
taset.

4. Discussion

The goal of this study was to address the need for methodological
consistency in managing immunoassay OOR data within psychobiolo-
gical research fields. To do so, we tested the ability of eight OOR data
management techniques to alter the test-retest stability of two con-
secutive sCRP samples, as well as influences on the diurnal relationship
between morning and evening sCRP levels and links between sCRP and
age and depression among an at-risk adolescent sample. Our findings
suggest differences in the methods of immunoassay OOR data cleaning
may influence sample mean, range, temporal stability, statistical sig-
nificance of a diurnal pattern of sCRP, and alter statistical associations
between sCRP and age and depression.

Consistent with adult samples in studies by Out et al. (2012) and
Izawa et al. (2013), our results indicated that regardless of OOR im-
munoassay data cleaning methodologies, adolescent morning and eve-
ning sCRP levels were statistically stable over two consecutive days.
However, the strength of this stability varied widely dependent upon
which OOR data treatment technique was applied. In addition, in line
with previous research among adults (Out et al., 2012; Izawa et al.,
2013) and adolescents (Cullen et al., 2017), our results indicated some
support for a diurnal variation in levels of adolescent sCRP; however,
again results were strongly tempered by OOR data management tech-
niques. Because only two of eight OOR data techniques produced a
statistically significant diurnal pattern, concluding whether a diurnal
sCRP pattern exists among adolescents is yet to be determined until
more research utilizing consistent OOR data cleaning techniques is
conducted. However, what is clear is the capacity for OOR data
methods to alter characteristic levels of inflammatory markers and
therefore the crucial need for methodological consistency in cleaning

Table 2
Dataset dependent stability, average descriptive statistics, and within-partici-
pant diurnal differences of consecutive sCRP samples.

Two-day stability Diurnal
difference

M1 ∼ M2 E1 ∼ E2 Non-transformed mean (SD) pg/
mL

Mavg ∼ Eavg

Dataset r r Mavg Eavg t

SLWD 00.61*** 0.42** 4790.61
(4483.70)

3515.53
(2783.45)

2.70**

SPWD 0.60*** 0.52*** 4533.65
(4318.90)

4203.72
(4504.46)

2.67*

SMI 0.38*** 0.27* 4413.49
(3811.08)

3894.53
(3847.18)

0.97

SW 0.63*** 0.76*** 7705.30
(9130.13)

7085.81
(8839.31)

1.60

RLWD 0.36*** 0.62*** 6607.33
(9655.34)

6076.64
(10,658.53)

1.31

RPWD 0.35*** 0.70*** 6607.33
(9655.34)

8314.64
(14,741.74)

1.31

RMI 0.38*** 0.70*** 9247.93
(12,392.69)

9179.78
(15,258.83)

1.11

RW 0.58*** 0.78*** 13,578.53
(22,835.00)

12,350.90
(21,888.21)

1.49

*p< .05.
**p < .01.
***p< .001.
Abbreviations: E1, evening 1; E2, evening 2; M1, morning 1; M2, morning 2;
Mavg, average morning; Eavg, average evening; RLWD, relaxed list-wise deletion;
RMI, relaxed multiple imputation; RPWD, relaxed pair-wise deletion; RW, re-
laxed winsorization; sCRP, salivary C-reactive protein; SD, standard deviation;
SLWD, strict list-wise deletion; SMI, strict multiple imputation; SPWD, strict
pair-wise deletion; SW, strict winsorization.

Table 3
Dataset dependent effects of age and depressive symptoms on morning and evening salivary CRP.

Dataset (β, S.E.)

Predictor Outcome SLWD SPWD SMI SW RLWD RPWD RMI RW

Age CRPMavg 0.001 (0.15) 0.07 (.13) −0.09 (0.17) 0.16 (0.11) 0.13 (0.11) 0.13 (0.11) 0.11 (0.13) 0.15 (0.11)
CRPEavg 0.10 (0.15) 0.15 (0.24) 0.13 (0.17) 0.26 (0.11)* 0.27 (0.11)* 0.20 (0.11) 0.29 (0.12)* 0.25 (0.11)*

CES-D CRPMavg 0.12 (0.15) 0.10 (0.14) 0.12 (0.17) 0.04 (0.11) −0.01 (0.12) −0.01 (0.12) −0.001 (0.13) 0.01 (0.11)
CRPEavg 0.16 (0.15) 0.27 (.13)* 0.26 (0.16) 0.04 (0.11) −0.01 (0.12) 0.08 (0.11) .04 (0.13) 0.01 (0.11)

* p< .05.
Abbreviations: CES-D, Center for Epidemiologic Studies – Depression subscale; CRP, C-reactive protein; Mavg, average morning; Eavg, average evening; RLWD, relaxed
list-wise deletion; RMI, relaxed multiple imputation; RPWD, relaxed pair-wise deletion; RW, relaxed winsorization; S.E., standard error; SLWD, strict list-wise
deletion; SMI, strict multiple imputation; SPWD, strict pair-wise deletion; SW, strict winsorization.
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immunoassay OOR data.
Managing OOR data with extrapolation beyond the immunoassay

standard curve resulted in inconsistent correlations between con-
secutive sCRP samples. Extrapolation produced high correlations when
paired with certain OOR techniques (e.g., winsorization) and low cor-
relations when paired with others (e.g., LWD). This may be related to
the fact that while extrapolation could assign values to all low OOR
data, extrapolation could only interpolate roughly half of high OOR

data. This may have led to an underrepresentation of the temporal
stability between samples with high sCRP levels, 5.8% of which were
deleted list-wise from analyses in LWD datasets. These results, however,
should be interpreted with caution. Extrapolation is not strongly re-
commended by immunoassay manufacturers because outside the assay
standard curve range the curve may be non-linear and therefore ex-
trapolated values may be less reliable. The manufacturer-recommended
standard curve for sCRP in this study was linear, but a four-parameter

Fig. 1. Pearson’s correlations between consecutive morning (a) and consecutive evening (b) log10-transformed sCRP samples with 95% confidence intervals
(shaded) for OOR data cleaning techniques with the strongest correlation (blue) and weakest correlation (red) according to Pearson’s r as reported in Table 2 (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article).
Abbreviations: E1, evening 1; E2, evening 2; M1, morning 1; M2, morning 2; OOR, out of range; RPWD, relaxed pairwise deletion; RW, relaxed winsorzation; sCRP
salivary C-reactive protein; SMI, strict multiple imputation; SW, strict winsorization.

Fig. 2. Kernel probability density distribution and median
(± interquartile range) of log10 2-day average morning (a) and
2-day average evening (b) sCRP by dataset.
Abbreviations: RLWD, relaxed list-wise deletion; RPWD, relaxed
pair-wise deletion; RMI, relaxed multiple imputation; RW, relaxed
winsorization; sCRP, salivary C-reactive protein; SLWD, strict list-
wise deletion; SPWD, strict pair-wise deletion; SMI, strict multiple
imputation; SW, strict winsorization.
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logistic (4-PL) regression curve is also commonly used for ELISA im-
munoassays as it is compatible for biological systems which describe an
antibody-antigen interaction and not necessarily a linear dose-response
relationship (Nix and Wild, 2005; Findley and Dillart, 2007; Cox et al.,
2012), in which case a reduction in accuracy would be expected when
using extrapolation. Additionally, when we investigated OOR man-
agement techniques with an additional biomarker (cortisol, which
employs a 4-PL curve), extrapolation of the standard curve to in-
corporate OOR values still generated values within the standard curve
range (see Supplementary Table 4). Therefore, extrapolation may only
apply to widely ranging data (such as sCRP or other inflammatory
markers), as opposed to more narrowly distributed biomarkers such as
cortisol with a normal range of 0.012–3.0 μg/dL.

OOR data treated with LWD may have failed to accurately represent
our sample’s distribution and variance because participants with OOR
data in LWD datasets were categorically eliminated. LWD reduced da-
taset sample sizes by up to more than 50%, making it likely that sta-
tistical bias was introduced. As our power calculations indicated a
moderate effect size would be achieved with 84 participants, the rela-
tively poor performance of LWD datasets may have been resultant from
low power (with only 42 participants remaining after LWD was ap-
plied), further demonstrating that exclusion of participants is not ad-
vised. The PWD technique may have helped datasets preserve statistical
power by retaining participant sample size. However, while the US EPA
has recommended PWD for OOR data in environmental research, they
have also cautioned its use because it can lead to decreases in mean and
increases in variance (US EPA, 2000), as was the case for PWD datasets
in the current study.

Previous studies utilizing MI for low OOR data found good protec-
tion against bias (Lubin et al., 2004; Baccarelli et al., 2005). Yet, our
results showed mixed results for MI, and when paired with a strict
immunoassay standard curve, MI produced the overall lowest two-day
sCRP stability among consecutive evening samples (r=0.27). In ad-
dition, in analyses investigating the varying OOR techniques with
cortisol, our results showed that using MI for OOR values failed to
produce statistically significant correlations between consecutive eve-
ning samples altogether (see Supplementary Table 4). Whereas low
OOR imputed values have an absolute lower limit (e.g., 0 pg/mL), over
half (56%) of imputed values in the strict curve dataset and 100% of
imputed values in the relaxed curve dataset were for high OOR data
which theoretically have no upper limit. This may explain the relative
poor performance of MI for OOR data in the present study. Never-
theless, a strength of MI is that it draws upon covariate information to
impute missing data, particularly advantageous if no other information
about the missing values existed. However, given the inherent hier-
archical nature of OOR data, imputed values that do not retain ordinal
information fail to accurately represent these missing values. Although
statistically Little’s MCAR test (Little, 1988) indicated that the data was
MAR, because we know that the data is missing due to its OOR value
(i.e., it is missing because it is either too high or too low), the missing
values are therefore realistically missing not at random (MNAR). Fur-
ther, although we showed that missingness was not associated with any
observed demographic variables in our dataset (see Supplementary
Table 1), this does not preclude it being related to other variables not
measured here, and the fact remains that because we have some in-
formation about the reason the values are missing, we assume the data
are MNAR. As such, deleting cases list-wise in this scenario is the least
desirable. Imputing the data would be more robust if we assumed the
data were MAR at the very least. Therefore, we posit that winsorization,
which allowed us to use the ordinal information from the assay to es-
timate the data, is the most appropriate data treatment in this scenario.

While dichotomization of data retains ordinal information, this
technique can reduce statistical power by the same amount as delib-
erately discarding roughly a third of the data (Cohen, 1983; MacCallum
et al., 2002). Further, with dichotomization data close to the median on
either side become categorically opposite when such observations are

realistically similar. In contrast, winsorization retains ordinal in-
formation of OOR data while preserving variance and range inherent to
the distribution and is considered a conservative ‘smoothing procedure’
in accordance with multivariate statistical advice (Tabachnick and
Fidell, 2013). This may explain why winsorization of OOR im-
munoassay values in the current study consistently produced the
highest correlations between consecutive sCRP samples. Although there
was no consistent pattern of agreement regarding OOR data cleaning
approaching in the context of third variables (age and depression),
associations between CRP and age and CRP and depression remain
mixed, in particular, during adolescence (Woloshin and Schwartz,
2005; Howren et al., 2009; Chaiton et al., 2010; Cullen et al., 2017).
Further, a recent systematic review and meta-analysis revealed that
effect sizes between CRP and depression diminished when only meth-
odologically rigorous studies which controlled for appropriate con-
founds were included; the review also highlighted that inconsistencies
in data cleaning may be causing such problems in this area of research
(Horn et al., 2018). Thus, no clear recommendations regarding OOR
data cleaning should be made on the basis of these associations until
further research is conducted to solidify these links in adolescence.
Instead, a better test would be to observe technique-dependent differ-
ences in associations known to be relatively strong. Because previous
research has demonstrated that consecutive sCRP samples should be
highly correlated (Out et al., 2012; Izawa et al., 2013), winsorization’s
ability to preserve this test-retest stability may suggest its use as an
effective method for the treatment of OOR data in salivary in-
flammatory research.

Our data show that methods for cleaning inflammatory OOR data
not only influence the stability of sCRP across days but can also impact
significance of a diurnal pattern. LWD and PWD techniques performed
on OOR data within strict immunoassay standard curve frameworks
produced statistically significantly higher morning than evening sCRP
levels among at-risk adolescents. Although it is likely that statistical
bias was introduced by using LWD as mentioned above, these results
are consistent with previous findings involving both adults and ado-
lescents (Koc et al., 2010; Out et al., 2012; Izawa et al., 2013; Cullen
et al., 2017). While an in-depth interpretation of the sCRP diurnal
pattern among at-risk adolescents was outside the scope of this methods
investigation, no clear explanation emerged as to why only the use of
LWD and PWD in strict curve conditions would produce a statistically
significant high morning, low evening diurnal sCRP pattern in line with
previous work. It is possible that these prior studies have similarly used
LWD or PWD for immunoassay out of range values which would be
consistent with our results; yet, because these studies did not specify
whether any immunoassay sample values were out of range and if so,
how these sample values were managed, until more research is con-
ducted in this area it remains unclear if the diurnal pattern demon-
strated in this study is an artefact of data management techniques or a
true representation of the CRP diurnal pattern.

Conversely, the remaining 75% of OOR data treatment techniques
employed in the current study resulted in non-significant differences
between morning and evening sCRP levels, consistent with serum
samples from 10 healthy adults (Meier-Ewert et al., 2001) and adding
to the debate about whether a diurnal CRP pattern exists. Our divergent
results could be due to an issue of this study’s power, as previous studies
have detected diurnal CRP patterns with larger sample sizes or multiple
sampling throughout the day (Koc et al., 2010; Out et al., 2012; Izawa
et al., 2013; Cullen et al., 2017). However, LWD used in this study
reduced the sample size by over half and yet still found a diurnal pat-
tern in sCRP, suggesting that sCRP data were perhaps more sensitive to
immunoassay data management techniques than sample size. More-
over, research suggests that biomarker diurnal accuracy is as strong
with morning and evening collection time points compared to five
collection time points across the day (Kraemer et al., 2006). Thus, with
only one other study investigating temporal characteristics of CRP data
among youth (Cullen et al., 2017), more research is needed which
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utilizes consistent immunoassay OOR data management techniques to
clarify the inconsistencies regarding the CRP diurnal pattern high-
lighted in our study. As with the management of OOR values, estab-
lishing whether there is such a diurnal pattern, although outside the
scope of this study, will similarly allow for more accuracy in sample
values if collection time should influence CRP levels.

Finally, our data demonstrate that data reduction methods could
have significant clinical implications. While a discussion of the effects
of age and depressive symptoms on sCRP levels were outside the scope
of this investigation, differing OOR treatment techniques produced
statistically significant divergent associations between age and sCRP
and depression and sCRP. OOR samples treated with PWD and without
extrapolation of a standard assay curve produced significant associa-
tions with depression, whereas all other datasets did not; a finding
which could lead researchers, clinicians, and participants or patients
down very different paths for follow-up or treatment. Additionally, our
supplementary investigations into OOR data management with cortisol
data paralleled that of sCRP data, suggesting that OOR management
techniques are not only an inflammatory biomarker issue but should be
adopted for biomarker data management more broadly. Such dis-
crepancies highlight the strong need for homogeneity of biomarker
OOR data cleaning in the field, and at the very least, transparency in
reporting of their management.

5. Conclusion

While future research could also test a more exhaustive list of OOR
immunoassay data cleaning methods, this investigation examined the
capacity of eight commonly used techniques to influence characteristic
levels of sCRP. These results underscore the important effect metho-
dological decisions have on sCRP data, potentially salivary biomarker
data more broadly, and the need for uniformity in the treatment of OOR
data in immunoassay research. Consistent use of techniques to manage
OOR data which retain correlative stability of biomarker levels is one
such way in which biomarker reliability of measurement may be
achieved. Certainly, methodological consistency will aid in cross-study
comparisons, but more importantly, should biomarkers continue to be
used in clinical settings for diagnostic purposes, reliability of mea-
surement is imperative. Therefore, to justify OOR data decisions, the
authors encourage at the very least visualization of biomarker data and
presentation of results of varying tactics used to treat OOR im-
munoassay data. Results of this study also highlight the utility of win-
sorization as a reliable OOR data management method, and as such we
recommend researchers in psychobiological fields adopt its use for OOR
immunoassay biomarker data cleaning.
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