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Abstract
Purpose  An accurate assessment of time spent in 24-hour movement behaviors (24 h-MBs) is crucial in exploring 
health related associations. This study aims to evaluate the concurrent validity of the Daily Activity Behavior 
Questionnaire (DABQ) compared to the ActiGraph using absolute and relative indicators of validity.

Methods  This cross-sectional observational study included 105 adults (45 ± 13 y/o, 54% female). Participants wore 
an ActiGraph during seven consecutive days followed by filling in the DABQ recalling the past seven days. Intraclass 
correlations (95% confidence intervals), Bland-Altman plots, Spearman’s correlations and the magnitude of error were 
calculated to estimate the absolute agreement and validity. Interaction effects between sociodemographic variables 
and the measurement methods were explored in mixed models. All analyses were compared by four commonly used 
data processing methods for ActiGraph data (cut-points and data reduction method-specific).

Results  Moderate absolute agreement (ICC = 0.56) and validity (rhosleep=0.58) was found for sleep comparing the 
DABQ with the ActiGraph. Time spent in sedentary behavior (SB), light physical activity (LPA) and moderate-to-
vigorous physical activity (MVPA) showed poor absolute agreement (ICCSB: 0.01–0.38, ICCLPA: 0.00-0.31; ICCMVPA: 0.23–
0.30) and validity (rhoSB: 0.01–0.43, rhoLPA: 0.10–0.46; rhoMVPA: 0.38–0.44) comparing the DABQ with the ActiGraph. The 
Ranges in ICC and Spearmans’ rho include the comparison between the four data processing methods. A significant 
interaction was found between the measurement method and educational level (p < 0.001), in specific for sleep, SB 
and LPA.

Conclusion  Compared to the ActiGraph, the DABQ showed accurate time-use estimates for sleep but presented 
poor to moderate evidence of validity regarding SB, LPA and MVPA. This was shown in underestimations regarding SB 
and MVPA, and overestimations regarding LPA. However, educational level and data processing methods contributed 
to these variations.
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Background
Time-use epidemiology is a rapidly growing research 
area that aims to understand how individuals allocate 
their time to various activities throughout the day [1]. 
The accurate assessment of daily activity behaviors, such 
as sleep, sedentary behavior (SB), light physical activ-
ity (LPA), and moderate-to-vigorous physical activity 
(MVPA), is crucial for studying the associations between 
activity patterns and health outcomes [1]. Device-based 
measurement (e.g. accelerometers) is the preferred 
method to objectively quantify individuals’ activity lev-
els as devices can be worn over a 24-hour day. However, 
as these devices can be cost-prohibitive for large stud-
ies, researchers often rely on self-report questionnaires 
[2–4]. Although questionnaires are known for their self-
report bias (e.g. recall bias, social desirability), they have 
advantages of being easy to use, cheap, and able to assess 
contextual information related to the daily activities [5]. 
Numerous questionnaires already exist to quantify indi-
viduals’ behaviors but they are often focused on single 
movement behaviors without including the bigger pic-
ture of movement behaviors across the whole 24h day [3, 
4, 6].

A recently developed questionnaire known as the Daily 
Activity Behavior Questionnaire (DABQ) can be used 
to measure all 24-hour movement behaviors (24 h-MBs) 
using a single measurement tool [7]. Validation of the 
DABQ against the ActivPAL accelerometer showed mod-
erate absolute agreement for sleep duration (ICC 0.6), 
albeit with lower agreement for SB, LPA, and MVPA 
estimates (ICC range 0.22–0.47) [7]. The ActivPAL is a 
thigh-worn accelerometer which is known to provide 
valid measures of posture and postural transitions (i.e. 
lying, sitting, standing and stepping) [8–10]. Neverthe-
less, hip-worn accelerometers are also commonly used 
to measure time spent in different activity intensities 
within the context of 24 h-MBs [8, 11]. Previous research 
has already explored the comparability of the ActiGraph 
device with single movement questionnaires revealing 
weak to moderate correlations of self-reported PA inten-
sities (r = 0.1–0.6), underestimation of self-reported SB 
(± 2 h/day), and an overestimation of self-reported sleep 
duration (± 1 h/day) [5, 6, 12]. However, it has never been 
investigated if the 24 h-MBs composition retrieved from 
the DABQ questionnaire is valid against the ActiGraph 
accelerometer.

This study will be the first to investigate the absolute 
agreement and concurrent validity of the DABQ com-
pared with the ActiGraph to measure 24 h-MBs. More-
over, raw accelerometer data of the ActiGraph will be 

analyzed by four commonly data processing methods for 
accelerometry (cut-points and data reduction method-
specific) to provide a comprehensive overview of cur-
rent analysis techniques (cut-points by Hildebrand et 
al. 2014,2017, Vähä Ypyä et al. 2018, 2023, Troiano et 
al. 2008 and Sasaki et al. 2011) [13–19]. In addition, this 
study aims to explore how participant characteristics 
potentially moderate the differences between measure-
ment methods, which is essential to address potential 
biases in reporting movement behaviors. Factors such as 
age, sex, and educational level can significantly influence 
the accuracy of self-reported behaviors [5, 20]. By under-
standing these sociodemographic influences, we can bet-
ter interpret discrepancies between questionnaire- and 
accelerometer-assessed movement behaviors.

Methods
Participants and procedure
This cross-sectional observational study included a con-
venience sample of adults between 18 and 65 years old. 
Adults were excluded when working night shifts or when 
having physical (e.g. amputations, paralysis, recover-
ing from stroke, osteoarthritis), cognitive (e.g. demen-
tia, psychological disorders) and major medical (e.g. 
Chronic respiratory diseases, heart failure, cardiovas-
cular diseases) conditions that obstruct daily function-
ing. This study was approved by the ethical committee of 
Ghent University Hospital and all participants provided 
a written informed consent prior to the study (ONZ-
2023-0384). Participants were visited at home between 
October 2023 and December 2023. During this home 
visit, participants were provided with an accelerometer 
and two questionnaires namely a general information 
questionnaire and the DABQ, both to be filled in after 
wearing the accelerometer for seven consecutive days.

Device-measured 24 h-MBs
Data on 24  h-MBs were collected by the tri-axial Acti-
Graph wGT3x-BT accelerometer. Participants were 
instructed to wear the device for seven consecutive days 
[11]. During the day, the device was worn on the right hip 
[11]. At night, the device was switched to the non-domi-
nant wrist [21]. Participants filled in a diary in which they 
reported wake up and go to bed times as well as times 
and reasons for device removal, like water-based activi-
ties (e.g. swimming, showering), or activities where wear-
ing the device is not permitted (e.g. contact sports) [11]. 
The accelerometer was initialized via Actilife software 
(version) at a frequency of 100  Hz and downloaded at 
60 s epochs [11].
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Questionnaire-measured 24 h-MBs
The DABQ consists of 14 basic items accompanied with 
different sub-items depending on the adults’ employ-
ment status (employed or unemployed), and type of work 
schedule (regular working hours or irregular working 
hours) [7]. Questions assessed sleep and domain specific 
(occupational, commuting and other non-occupational) 
SB and PA of the past seven days. Reponses included time 
points (hh: mm), visual analogue scales, yes/no questions 
and numbers (i.e. number of days, hours, minutes) [7]. 
This questionnaire was tested for reliability and results 
showed moderate absolute agreement for test-retest reli-
ability ranging from 0.59 to 0.69 [7]. The original lan-
guage of this questionnaire is English and has therefore 
been translated to Dutch via back-to-back translation. 
For this study, the primary outcomes from the DABQ 
were used for interpretation including average minutes 
of daily activity behaviors (i.e. sleep, SB, LPA, MVPA in 
min/day) [Additional File 1] [7].

General information questionnaire
Sociodemographic information was asked via a short 
general questionnaire to determine the participants’ 
characteristics: sex, age, body mass index (BMI), edu-
cational level (i.e. low (until secondary education), mid 
(college), high (university)), smoking status (i.e. non-
smoker, ex-smoker, smoker), family situation (i.e. living 
alone, not having a partner; living together with partner; 
living alone, having a partner), children living with you 
(i.e. yes or no), neighborhood (i.e. rural, urban), seden-
tary job (i.e. no job, mostly spending time sitting at work, 
combining sitting and LPA at work, physically active job), 
net family income (i.e. <2000 euro, ≥2000 euro). More-
over, measurement characteristics were collected by ask-
ing the feasibility (very feasible until not feasible at all), 
annoyingness (very annoying until not annoying at all) 
and consistency (very consistent; more or less consistent; 
not consistent) of wearing the accelerometer during the 
past 7 days and nights.

Data processing
Accelerometer data processing
Raw accelerometer data were processed by the R pack-
age GGIR version 3.0–9 [22]. As raw accelerometer data 
can be analyzed using different data processing methods 
(cut-points to classify activity intensities and data reduc-
tion method-specific), the decision was made to process 
the data by four commonly used data processing meth-
ods validated for hip-worn accelerometry [19]. Therefore, 
the analysis process was identically repeated four times 
for each data reduction method (1) ENMO, (2) MAD, 
(3) CPM VA, (4) CPM VM [22, 23]. For each data reduc-
tion method, commonly used cut-points were chosen 
[19]. The ENMO metric used cut-points of Hildebrand 

et al. (2014) (2017), i.e. LPA (LPA) (47mg), MPA (MPA) 
(69mg) and VPA (VPA) (260 mg). The MAD metric used 
cut-points of Vähä Ypyä et al. (2018) (2023), i.e. LPA (22.5 
mg), MPA (94 (mg), and VPA (396 mg). The CPM VA 
metric used cut-points of Troiano et al. (2008), i.e. LPA 
(100 CPM), MPA (2020 CPM), VPA (5999 CPM). The 
CPM VM metric used Sasaki et al. (2011) cut-points, i.e. 
LPA (200 CPM), MPA (2690 CPM) and VPA (6166 CPM) 
[13–18].

Accelerometer data were considered valid when hav-
ing a minimum wear time of 16 h per day, for at least 4 
days (including three weekdays and one weekend day) 
[24]. Non-wear time was defined as intervals of 60 min or 
more where the acceleration recorded as less than 13 mg 
on at least two out of three axes, or when the cumulative 
acceleration range falls below 50 mg [25]. Any periods 
noted in the diary where the device was removed were 
also classified as non-wear time [11]. Furthermore, data 
quality reports excluded ActiGraph files with a post-cali-
bration error exceeding 0.01 g (n = 1).

Sleep duration was determined using the R package 
GGIR, in combination with the reported wake-up and 
bedtime entries in the sleep diary. The HDCZA algorithm 
is used within this given window to detect sleep inter-
ruptions. If sleep diary data were invalid, the HDCZA 
algorithm was employed to detect the total sleep period 
based on the absence of changes in the z-angle greater 
than 5 degrees for at least 5 min compared to individu-
alized thresholds (account for between-individual differ-
ences in z-angle distribution) [21].

DABQ data processing
The data of the DABQ were analyzed using the addi-
tional data processing Excel (DABQ analyzer 3.0) sheet 
created by the developers of the questionnaire [7]. After 
entering the values in the DABQ analyzer, an automatic 
data validation of correct values was performed and pri-
mary outcomes (i.e. daily average minutes of sleep, SB, 
LPA, MVPA) were calculated by DABQ analyze specific 
algorithms.

Statistics
Participant characteristics and movement behaviors were 
described using means and standard deviations for con-
tinuous data. Categorical variables were described using 
counts and percentages.

Absolute agreement and concurrent validity between 
measurement methods were explored for each individ-
ual behavior. The intraclass correlation (ICC) estimates 
and their corresponding 95% confidence intervals (95% 
CI) were calculated to estimate the absolute agreement 
between two measurement methods. This approach 
enables a comparison between DABQ use of time and 
the time measured by the ActiGraph for each behavior 
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individually, using a two-way random effect model to 
assess absolute agreement [26]. Classification of ICC 
resembles < 0.50 as poor, between 0.50 and 0.75 as mod-
erate and above 0.75 as good [26]. Bland-Altman plots 
were employed to visualize the mean differences (MD) 
and lower and upper limit of agreement (LOA) between 
the two methods. Spearman’s rho (i.e. not normally dis-
tributed data) were used to identify the interclass cor-
relation between measurements which focuses on the 
trend in the relationship, irrespective of agreement. Cor-
relation cut offs were < 0.30 for poor correlation, between 
0.30 and 0.60 for moderate correlation and between 
0.61 and 0.85 for moderately high correlation and above 
0.85 as high correlation [27]. Last, Mean Absolute Error 
(MAE) and Root Mean Square Error (RMSE) were calcu-
lated. The MAE quantifies the magnitude of error with-
out considering their direction. A smaller MAE indicate 
that the measurement closely approximated the reference 
measurement (ActiGraph). RMSE highlights whether the 
measurement under comparison (DABQ) challenged by 
significant outliers or large errors. A lower RMSE indi-
cates that the measurement (DABQ) is consistently close 
to the reference measurement (ActiGraph).

Last, potential interaction effects between sociodemo-
graphic characteristics (i.e. sex, age, educational level, 
BMI, smoking status [see Additional file 2]) and the mea-
surement method (DABQ vs. ActiGraph) were explored 
for each behavior separately by using mixed models with 
random intercepts at the participant level. If this interac-
tion effect was statistically significant with a sociodemo-
graphic variable, validity statistics were explored for the 
different subgroups of this sociodemographic variable. 
For example, the sample was stratified into three sub-
groups for educational level (low, mid and high). For each 
of these subgroups, the ICC (95% CI), Spearman’s rho, 
MD with upper and lower LOA, MAE and RMSE were 
reported.

All analyses were performed in R Statistical Software 
(v4.3.2) and repeated by the four different data process-
ing methods (ENMO vs. MAD vs. CPM VA vs. CPM 
VM) [28].

Results
A total of 105 adults were recruited with a mean age of 45 
(± 13) years old, 54% were females and had a self-reported 
mean BMI of 25  kg/m² (± 4) (Table  1). Participants 
described wearing the accelerometer during day and 
night as consistent, feasible and not annoying (Table 1). 
One adult was excluded from further analysis due report-
ing inconsistent wearing of the accelerometer during 
both day and night.

Regarding absolute agreement, a moderate ICC of 0.56 
(0.41;0.67) was found for sleep across the four differ-
ent data processing methods. Across all data processing 

methods, poor absolute agreement was found for SB, 
LPA and MVPA (Table  2). For SB, the ICC ranged 
between 0.01 (-0.04;0.07) and 0.38 (0.21;0.53) with 
ENMO predicting the lowest ICC and CPM VM the 
highest ICC. Regarding LPA, similar patterns were found, 
the lowest ICC of 0.00 (-0.03;0.05) for ENMO and the 
highest ICC of 0.31 (0.12;0.47) for CPM VM. Regarding 
MVPA, ranges between ICCs were smaller, with ENMO 
having an ICC of 0.23 (0.05;0.40), MAD an ICC of 0.24 
(-0.04;0.47), CPM VA an ICC of 0.30 (0.12;0.47) and CPM 
VM an ICC of 0.26 (-0.05;0.50).

Spearman’s correlations showed comparable find-
ings for the interclass validity between DABQ- and 
ActiGraph-measured movement behaviors. A moderate 
interclass correlation was found for sleep (rhosleep=0.58) 
across different data processing methods. For SB, LPA 
and MVPA the interclass correlation was poor for the 
ENMO (rhoSB = 0.01; rhoLPA = 0.10, rhoMVPA : 0.42), 
MAD (rhoSB: 0.39, rhoLPA: 0.46; rhoMVPA: 0.44), CPM VA 
(rhoSB :0.36; rhoLPA: 0.42; rhoMVPA: 0.43) and CPM VM 
(rhoSB: 0.43; rhoLPA: 0.42; rhoMVPA: 0.38) (Table 2).

Bland-Altman plots in Fig. 1 accompanied by the num-
bers in Table 2 show the MD and upper and lower LOA 
of movement behaviours between measurement methods 
and stratified by the four different data processing meth-
ods. Differences in sleep estimated by the DABQ-mea-
surement compared to ActiGraph-measurement were 
small (mean difference: 2.18  min/day (± 47.90)) across 
data processing methods. The MAE and RMSE were 
35.26 and 47.72 for sleep respectively. Time spent in SB 
by the DABQ-measurement was lower compared to the 
ActiGraph-measurement across different data process-
ing methods (ENMO − 368.68 (± 204.37) min/day; MAD 
− 120.97 (± 179.62) min/day; CPM VA -93.45 (± 179.62) 
min/day; CPM VM -12.88 (± 173.54) min/day). The MAE 
ranged between 143.41 and 368.69 and the RMSE ranged 
between 173.19 and 421.06 across data processing meth-
ods. Time spent in LPA was higher when measured with 
the DABQ-measurement compared to the ActiGraph-
measurement across different data processing meth-
ods (ENMO + 401.17 (± 201.06) min/day; MAD + 177.61 
(± 179.33) min/day; CPM VA + 122.63 (± 180.75) min/
day; CPM VM + 70.14 (± 178.17) min/day). The MAE 
ranged between 151.76 and 401.17 and the RMSE ranged 
between 190.69 and 448.31 across data processing meth-
ods. Last, time spent in MVPA was lower by the DABQ-
measurement by 10 until 40  min/day compared to the 
ActiGraph-measurement (ENMO − 13.35 (± 39.29) min/
day; MAD − 37.49 (± 39.47) min/day; CPM VA -10.04 
(± 36.68) min/day; CPM VM -38.11 (± 37.87 ) min/day) 
(MAE range: 26.34–46.77; RSME range: 41.32–54.29 
across data processing methods).

Significant interactions between measurement 
method and participant characteristics were found for 
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N = 105
Sociodemographic characteristics
Age (mean, SD) 45.38 (12.9)
Sex = female (n, %) 57 (54.3)
BMI (kg/m²) (mean, SD)
Missings (n,%)

25.03 (4.3)
2 (1.9)

Family situation (n,%)
  Living alone, not having partner 12 (11.4)
  Living together with partner 89 (84.8)
  Living alone, having a partner 4 (3.8)
Living with children = yes (n,%) 83 (79.0)
Neighborhood (n,%)
  Rural 82 (78.1)
  Urban 23 (21.9)
Educational level (n, %)
  Low 27 (25.7)
  Mid 37 (35.2)
  High 41 (39.0)
Sedentary job (n, %)
  No job 11 (10.5)
  Mostly spending time sitting at work 51 (48.6)
  Combining sitting and LPA at work 31 (29.5)
  Physically active job 12 (11.4)
Net family income = more then 2000 euro (n, %)
Missings (n,%)

84 (80.0)
21 (20.0)

Smoking (n, %)
  No 89 (84.8)
  Ex-smoker 11 (10.5)
  Yes 5 ( 4.8)
Measurement characteristics
Feasibility to wear the accelerometer at the hip during waking hours for 7 days (n, %) 1.6 (0.8)
  Very feasible 59 (56.2)
  Feasible 37 (35.2)
  Neutral 6 ( 5.7)
  Not feasible 2 ( 1.9)
  Not feasible at all 1 ( 1.0)
Feasibility to wear the accelerometer at the wrist during the night for 7 days (n, %)
  Very feasible 61 (58.1)
  Feasible 29 (27.6)
  Neutral 14 (13.3)
  Not feasible 0 (0.0)
  Not feasible at all 1 (1.0)
Annoying to wear the accelerometer at the hip during waking hours for 7 days (n, %) 3.96 (1.0)
  Not annoying at all 38 (36.6)
  Not annoying 37 (35.6)
  Neutral 19 (18.3)
  Annoying 7 (6.7)
  Very annoying 3 (2.9)
Annoying to wear the accelerometer at the wrist during the night for 7 days (n, %)
  Not annoying at all 42 (40.4)
  Not annoying 39 (37.5)
  Neutral 17 (16.3)
  Annoying 4 (3.8)
  Very annoying 2 (1.9)
Perceived consistency of wearing the accelerometer during the day (n, %)

Table 1  Sociodemographic and measurement characteristics of the total sample (n = 105)
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educational level (SleepENMO, MAD, CPMVA, CPMVM est. 
26.21 (1.75; 50.66); SBENMO est. 156.31 (59.14; 253.48); 
LPAENMO est. -159.03 (-254.36;-63.71); SBMAD est. 
103.49 (16.56; 190.42); LPAMAD est. -104.46 (-191.42;-
17.49); SBCPMVA est. 121.16 (35.35; 206.96); LPACPMVA 
est. -128.29 (-214.37;-42.22); SBCPMVM est. 108.69 (25.38; 
191.98); LPACPMVM est. -116.09 (-201.72; -30.46)) across 
data processing methods [See Additional file 2].

Regarding sleep, individuals with higher educational 
levels most accurately reported sleep duration. Those 
with mid-level educational levels overreported and those 
with low educational levels underreported sleep dura-
tion by the DABQ compared to the ActiGraph. SB was 
consistently underreported and LPA overreported by the 
DABQ. However, the magnitude of under- and overre-
porting decreased from low educational level to mid edu-
cational to high educational level. This was seen across all 
data processing methods, except for CPM VM where the 
high educational level group overreported SB.

Despite the differences in behaviors, the overall abso-
lute agreement and validity was moderate for sleep and 
poor for the other behaviors across the different educa-
tional subgroups. See Additional File 3 for all validity sta-
tistics across the educational subgroups.

Discussion
This study found a moderate absolute agreement and 
concurrent validity for sleep comparing the DABQ with 
ActiGraph. Conversely, a poor absolute agreement and 
validity was found for SB, LPA, and MVPA. Specifically, 
the DABQ tended to underestimate SB and MVPA while 
overestimating LPA. The extent of these discrepancies 
varied depending on the accelerometer data process-
ing method and the cut-points used. For example, the 
underestimation of SB by the DABQ, as compared to 
the ActiGraph, ranged significantly: 368 (± 204) min/day 
using ENMO, 120 (± 179) min/day using MAD, 93 (± 179) 
min/day using CPM VA, and 12 (± 173) min/day using 
CPM VM. Regarding sleep, the MAE and RMSE showed 
rather large values compared to MD. As MAE and RMSE 
quantifies the magnitude of error without considering 
the direction, we can say that despite the small MD in 
sleep, their error measurements were higher. This sug-
gests that when comparing sleep within large groups, 

the questionnaire might be acceptable to use because 
the bias (mean difference) is small. However, for sleep 
measurements at precise and individual level, the ques-
tionnaire is not recommended due to high variability 
and error rate. Regarding the other behaviors, both MD, 
MAE, and RMSE were high resulting in less acceptability 
to use the questionnaire in large groups and at individual 
level. Last, self-reported sleep, SB and LPA varied by edu-
cational level. Higher educational levels was associated 
with more accurate sleep reporting, while SB was consis-
tently underreported and LPA consistently overreported, 
across educational levels. Importantly, the magnitude 
of these discrepancies diminished as educational levels 
increased, demonstrating a potential link between edu-
cation and reporting accuracy. However, despite these 
trends, the overall validity of self-reports was only mod-
erate for sleep and poor for SB and LPA across all educa-
tional subgroups.

In general, our findings of poor absolute agreement 
between objective and subjective measurements align 
with existing literature. A systematic review compar-
ing accelerometry and PA questionnaires reported weak 
to moderate correlations (r = 0.14; r = 0.58) between 
these measurement methods, but with no clarification 
on the extent of over- or underreporting of PA by self-
reported questionnaires [12]. Other studies have found 
similar low to moderate correlations for time spent in 
SB (r = 0.32 ± 0.20; [5] r = 0.35, [95% CI 0.32–0.39] [29]). 
Similar to our results, Prince et al. (2020) reported an 
underestimation of SB by approx. 2 h/day in self-reported 
measurements compared to device-based measurements 
[5]. For sleep, correlations between self-reported sleep 
duration and accelerometry have been reported with 
ranges from poor to moderately correlated (r = 0.45 [6], 
r = 0.14 [30], r = 0.40 [31]), and poor correlated with poly-
somnography (r = 0.20 [6]). Studies have found that self-
reports typically overestimate sleep duration by about 
one hour [6, 30, 31]. This could be explained by the dif-
ficulties in accurately capturing sleep latency and wake 
time after sleep onset by individuals [6]. Furthermore, the 
discrepancies in reporting time spent in 24  h-MBs may 
also stem from recall bias and social desirability [5, 12]. 
Thus, some researchers recommend using self-reported 
questionnaires to rank activity intensities (e.g. in quartiles 

N = 105
  Very consistent 100 (95.2)
  More or less consistent 4 (3.8)
  Not consistent 1 (1.0)
Perceived consistency of wearing the accelerometer at night (n, %)
  Very consistent 98 (93.3)
  More or less consistent 6 (5.7)
  Not consistent 1 (1.0)

Table 1  (continued) 
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of activity level) rather than attempting to recall absolute 
time periods (min/day) as this can minimize this impact 
of inaccuracies of self-reporting [5, 32].

One paper by Kastelic et al. (2022) compared DABQ 
measurements to those obtained from an ActivPAL 
device and found similar correlation coefficients and 
ICCs to our study [7]. However, when comparing the 
average time spent in movement behaviors as reported 
by the DABQ and ActiGraph, it is important to carefully 
examine the breakdown of the 24  h-MBs resulted from 
the different accelerometer data processing methods, 
especially when using the ENMO. Notably, the data pro-
cessing method ENMO, using the cut-points established 
by Hildebrand et al. (2014, 2017), indicated an average 
of 883 min/day spent in SB and only 34 min/day in LPA, 
which appears unrealistic [14]. This time spent in SB and 
LPA using ENMO with the cut-point of Hildebrand et al. 
(2014, 2017), constrasts significantly with the findings of 
Kastelic et al. (2022), who used the ActivPAL for com-
parison [7, 10]. Since the ActivPAL is widely regarded as 
the preferred method for SB classification, this highlights 
the importance of critically evaluating the measurement 
methodologies and data processing methods employed to 
process raw accelerometry to ensure the accurate assess-
ment of true activity levels.

It is important to emphasize the impact of measuring 
time spent in various behaviors using tools such as the 
DABQ or accelerometers on factors like guideline com-
pliance and their associations with health outcomes. 
Variations in time spent in 24  h-MBs can significantly 
affect research findings. For example, a previous study 
examined the effects of using different data processing 
methods (e.g. ENMO, MAD, CPM VA, CPM VM) on 
guideline compliance and cardiometabolic health asso-
ciations [19]. The study found that the choice of data pro-
cessing method led to differing time allocations within 
the 24 h-MBs, resulting in varying guideline compliance 
rates ranging from 0 to 25% [19]. Furthermore, differ-
ences in associations with cardiometabolic indicators 
like BMI and WC were observed based on the method 
used [19]. However, these results only apply to research 
using the ActiGraph and do not apply for the DABQ. But, 
based on these results, it is hypothesized that the choice 
of method could substantially influence the observed dif-
ferences in associations with health outcomes.

Last, we found that educational level moderated the 
variations in 24 h-MBs between measurement methods. 
This is complementary with previous research which has 
identified participant characteristics like age, sex, obe-
sity status, and depression that drive differences in the 

Fig. 1  Bland-Altman plots showing difference in minute between ActiGraph- and DABQ-measured movement behaviors regarding different data pro-
cessig methods (a) ENMO, (b) MAD, (c) CPM VA, (d) CPM VM. X-axis refers to average measurement of time use estimates measured by ActiGraph and 
DABQ. Y-axis shows the differences in time-use estimates between the ActiGraph and DABQ. The Intensity-based cut-points thresholds for each data 
processing method are as follows: ENMO Hildebrand et al. (2014), MAD Vaha Ypya et al. (2018, 2023), CPM VA Troiano et al. (2008), and CPM VM Sasaki et 
al. (2011). Blue line represent the mean difference (MD) and the red lines represent upper limit of agreement, and lower limit of agreement. For exact MD 
and upper and lower LOA see Table 2
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direction of correlations and measurement accuracy [5, 
12, 20, 31, 33]. In our study, the magnitude of over- and 
underreporting varied according to educational level 
with a decreasing trend as the educational level increases. 
These findings suggest that participant characteristics 
might significantly impact the outcomes. When using the 
DABQ-measurement as a single measurement method of 
24-h MB, results must be interpreted with caution con-
sidering possible over- and underestimations, especially 
in heterogenous study populations (e.g. wide variability 
in educational level).

Strengths and limitations
This is the first study to assess the validity of the DABQ 
compared with the ActiGraph. The ActiGraph has been 
processed by four different data processing methods 
(cut-points and data reduction methods specific) which 
is consistently analyzed using GGIR [22]. A significant 
limitation was that most participants did not report the 
reason for their non-wear time of the device in the diary. 
This made it difficult to classify non-wear time as sed-
entary time or water-based activities (e.g. swimming) as 
an addition to the device-based non-wear time measure-
ment. However, GGIR applied the same algorithm across 
the different data processing methods to define non-wear 
time, which makes non-wear time classification consis-
tent across ENMO, MAD, CPM VA and CPM VM. Next, 
since there is no gold standard for cut-points to classify 
activity intensities, determining the extent of deviations 
between both measurement methods across the differ-
ent data processing methods posed a challenge. However, 
as seen in other research, this paper also shows the least 
realistic SB and LPA estimates when processing hip-worn 
ActiGraph data with the ENMO data reduction method 
and Hildebrand et al. (2014, 2017) cut-points [19]. Last, 
the secondary outcomes of the DABQ including sleep 
indicator and time spent sedentary and physically active 
across different domains, i.e. occupational time, commut-
ing time, non-occupational activities (e.g., walking sport, 
other physically demanding activities, recreational screen 
time, muscle strengthening exercise) could provide addi-
tional contextual information [See Additional File 1] [5, 7, 
33]. However, based on the results of this current study, 
it is not possible to know in which domain the over- or 
underreporting of time spent in behaviors takes place. 
Therefore, further research is recommended to explore 
the capability of this questionnaire to accurately assess 
all aspects (i.e. domain, context, duration, frequency and 
volume) of the behaviors in one day.

Conclusion
Compared to the ActiGraph, the DABQ showed moder-
ate absolute agreement and concurrent validity regard-
ing sleep, yielding accurate time-use estimates within 

large groups. However, the DABQ tended to underesti-
mate SB and MVPA while overestimating LPA, which 
was reflected in poor absolute agreement and concurrent 
validity for these measures. Additionally, differences in 
time-use estimates between measurement methods var-
ied by educational level and the data processing method. 
A higher education level was linked with more accurate 
sleep reporting, but with SB consistently underreported 
and LPA overreported across all educational levels. Dis-
crepancies in under- and overreporting decreased with 
increasing educational levels, suggesting a potential 
connection between education and reporting accuracy. 
Despite this, self-report validity remained moderate for 
sleep and poor for SB and LPA across all educational sub-
groups. Therefore, using DABQ as a single measurement 
of the 24  h-MBs should be interpreted with caution. 
Nevertheless, each measurement method has its unique 
advantages and disadvantages which should be consid-
ered when selecting the most appropriate tool to address 
a study’s aims. More research is needed to finetune the 
questionnaire to eventually harmonize self-reported and 
objectively measured methods to capture 24 h-MBs.
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