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Abstract
The hippocampus (Hc) is composed of cytoarchitectonically distinct subfields: 
dentate gyrus (DG), cornu ammonis sectors 1-3 (CA1-3), and subiculum. Limited 
evidence suggests differential maturation rates across the Hc subfields. While 
longitudinal studies are essential in demonstrating differential development of 
Hc subfields, a prerequisite for interpreting meaningful longitudinal effects is es-
tablishing test–retest consistency of Hc subfield volumes measured in vivo over 
time. Here, we examined test–retest consistency of Hc subfield volumes measured 
from structural MR images in two independent developmental samples. Sample 
One (n  =  28, ages 7–20 years, M  =  12.64, SD  =  3.35) and Sample Two (n  =  28, 
ages 7–17  years, M  =  11.72, SD  =  2.88) underwent MRI twice with a 1-month 
and a 2-year delay, respectively. High-resolution PD-TSE-T2-weighted MR images 
(0.4 × 0.4 × 2 mm3) were collected and manually traced using a longitudinal manual 
demarcation protocol. In both samples, we found excellent consistency of Hc sub-
field volumes between the two visits, assessed by two-way mixed intraclass cor-
relation (ICC (3) single measures ≥ 0.87), and no difference between children and 
adolescents. The results further indicated that discrepancies between repeated 
measures were not related to Hc subfield volumes, or visit number. In addition to 
high consistency, with the applied longitudinal protocol, we detected significant 
variability in Hc subfield volume changes over the 2-year delay, implying high sensi-
tivity of the method in detecting individual differences. Establishing unbiased, high 
longitudinal consistency of Hc subfield volume measurements optimizes statistical 
power of a hypothesis test and reduces standard error of the estimate, together 
improving external validity of the measures in constructing theoretical models of 
memory development.
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1  | INTRODUC TION

The hippocampus (Hc) is a fundamental neural substrate of episodic 
memory and is composed of cytoarchitectonically and function-
ally distinct subfields: dentate gyrus (DG), cornu ammonis sectors 
1-3 (CA1-3), and subiculum regions (Duvernoy,  1988; Insausti & 
Amaralx, 2012; Jones & McHugh, 2011). Available evidence in non-
human primates suggests that structure of Hc subfields mature at 
different rates, and protracted development is reported for DG and 
CA3 (for review, see Lavenex & Lavenex, 2013). Human neuroimag-
ing investigations lend further support for different developmental 
profiles of Hc subfield volumes between middle childhood and young 
adulthood, and age-related differences are primarily evidenced in 
the DG and CA3 volumes (Daugherty et al., 2016, 2017; Keresztes 
et al., 2017). Intriguingly, differential development of Hc subfields has 
been linked to the development of distinct memory functions such 
that delayed maturation of DG and CA3 suggested as contributing 
to the promotion of memory distinctiveness and complexity across 
development (Daugherty et al., 2017; Keresztes et al., 2017, 2018). 
With a few exceptions (Tamnes et al., 2014, 2018), the majority of 
available evidence regarding Hc subfields' structural and functional 
maturation comes from cross-sectional studies (Canada et al., 2018; 
Daugherty et  al.,  2017; Keresztes et  al.,  2017; Schlichting et al., 
2017; Krosgrud et al., 2014; Lee et al., 2014) in which developmental 
effects cannot be truly assessed (Lindenberger et al., 2011). Hence, 
longitudinal studies are necessary to evaluate changes in Hc subfield 
volumes and potential contribution of mediators in the development 
of these regions. Critical to the study presented here, a prerequisite 
for interpreting meaningful longitudinal effects is a demonstrated 
test–retest reliability of Hc subfield volume measurements, yet few 
protocols have established this quality in longitudinal studies.

Test–retest reliability, the consistency of measurement over time, 
is assumed in all statistical tests of change in brain and behavior. Any 
measure, may it be cognitive performance or an MRI estimate of a 
brain structure, will vary between individuals and potentially within 
individuals over time. The variability of measures can be considered 
to include meaningful variance, indicative of development and its 
modifiers, and error variance. Hypotheses testing of developmen-
tal effects are sensitive to both sources of variance, and therefore 
measurement reliability is a prerequisite for valid interpretation of 
observed variability over time. In application to longitudinal hypoth-
esis testing, reliability includes the consistency of measurement 

with respect to both between- and within-person variability. In this 
manner, longitudinal hypothesis testing requires a demonstration 
of measurement consistency to interpret valid changes over time. 
However, to our knowledge, test–retest reliability of Hc subfield 
volume measurements has not been reported for most protocols 
applied to developmental samples (e.g., Tamnes et  al.,  2014; with 
one exception, Tamnes et al., 2018). Without evidence of test–retest 
consistency, interpretation of differences observed over time as re-
flecting developmental change will be confounded with error and 
replication will be difficult.  Therefore, test–retest consistency can 
serve as required information when selecting adequate protocol to 
measure Hc subfield volumes in developmental studies.

In vivo estimates of regional brain measures obtained from MR 
images are sensitive to several sources of variance that are unique 
to the MRI methods and may contribute to measurement error in 
longitudinal studies. For example, drift in the scanning environment 
and variable positions within the scanner may result in differences 
in brain measures. Experiments that manipulated positions of par-
ticipants found that  procedures such as repositioning of a person 
in the scanner within the same session (Arshad et al., 2017; Brown 
et  al.,  2020) and scanning the same individual on a different day 
(Morey et  al.,  2010) may introduce error in the measurement (for 
review, see Brandmaier et al., 2018). Due to the small size of Hc sub-
fields together with the vulnerability of the medial temporal lobe 
to signal loss (Olman et al., 2009), these sources of measurement 
error may obscure structural and functional estimates of longitudi-
nal change, or exaggerate between-person differences.

Although test–retest reliability is required in any longitudinal 
study, the issue is particularly salient in developmental samples as 
the potential sources of measurement error may correlate with age, 
and therefore threaten the validity of conclusions about possible 
developmental changes. For example, a young 5-year-old has a 6%–
10% smaller head circumference as compared to an older counter-
part (Gaillard et al., 2001). Increased head size across development 
may modify MR signals differently over time within each subject 
(Kotsoni et al., 2006). Additionally, artifacts produced by motion or 
sinuses may correlate with age and further contribute to system-
atic bias in brain measures obtained from developmental samples 
(Dosenbach et al., 2017 Gaillard et al., 2001; Madan, 2018; Reuter 
et al., 2015). Last, measurement error in volumetric estimations that 
correlates with the size of a region may also correlate with age if the 
structure grows or shrinks across development, or differs between 

Significance

Test–retest reliability provides internal validity for methods measuring brain volumes and it is 
an indispensable aspect of longitudinal designs. Longitudinal consistency is particularly impor-
tant in assessing brain development as the attributes of interest and their correlates are subject 
to change over time. High reliability is critical to optimizing study design for sufficient statisti-
cal power of a hypothesis test and precision of parameter estimates. Here, using a longitudinal 
manual demarcation protocol, we demonstrate high longitudinal consistency of hippocampal 
subfield volume measurements in two developmental samples.
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persons across age, thus mutually confounding its interpretation 
(Schoemaker et al., 2016). Therefore, an assessment of test–retest 
reliability, and its correlates, is necessary to evaluate these potential 
sources of bias and to help determine if a protocol produces valid 
estimates of developmental changes in regional volumes.

Additional specific considerations for measurement errors are 
required for volumetric investigations of Hc subfields due to the 
differences in the size and unique morphological and anatomical 
properties of subfields (Marizzoni et al., 2015; Whelan et al., 2016; 
Yushkevich, Pluta, et  al.,  2015). Hypothesis test of mean change 
in Hc subfield volumes typically targets detecting the differential 
longitudinal changes across the subfields. To interpret differential 
developmental trajectories of Hc subfields, measurement reliability 
is assumed to be comparable across Hc subfields. Evaluating test–
retest reliability is an indispensable step in ensuring that measure-
ments are consistent over time, and comparable between individuals 
and across regions of interest (Putnick & Bornstein, 2016). Despite 
the importance of demonstrating test–retest reliability of MRI es-
timates of Hc subfield volumes in developmental samples, such 
endeavor is lacking in most segmentation protocols applied to de-
velopmental samples.

Hc subfields are defined by unique cytoarchitecture many of 
which are not evident in vivo using MRI. A gold standard for esti-
mation of Hc subfield volumes is implementing a valid manual seg-
mentation protocol based on commonly acquired high-resolution, 
TSE-PD-T2-weighted MR images (Bender et al., 2018; Olsen 
et  al.,  2019; Wisse et  al.,  2016, 2020). In applying these proce-
dures, additional recommended steps need to be implemented to 
reduce human rater bias (Nugent et al., 2007; Yushkevich, Amaral, 
et al., 2015). These additional steps are meant to eliminate the influ-
ence of possible changes in rater judgments when segmenting brain 
images obtained from the same person, to blind the rater to the 
time point of each scan, and to randomly distribute any remaining 
rater bias across individuals and across regions of interest. These 
recommendations are consistent with an understanding that even 
a measurement with the excellent reliability will still have error, but 
the error is to be randomly distributed so that it will not system-
atically bias the estimates of change over time or individual dif-
ferences in development. These practical procedures improve the 
quality of data collected and any (semi) automatic segmentation 
protocols developed from it.

In the present study, we assessed the test–retest reliability of 
Hc subfield volumes in two healthy developmental samples ages 
7–20  years. In Sample One, the first scan followed a short delay 
of 1  month, with the purpose of implementing a longitudinal 
study design while controlling for possible developmental change. 
Implementing such a design enabled us to attribute the differences 
observed between the two visits to changes in the imaging envi-
ronment or other potential sources of volumetric fluctuations (i.e., 
hydration). In Sample Two, the follow-up to the first scan was after 
a 2-year delay as is typically implemented in longitudinal develop-
mental studies. Our purpose was to assess the test–retest reliability 
of Hc regional volumes in the presence of potential developmental 

changes, and whether our method is sensitive in detecting individ-
ual differences in the longitudinal change in Hc subfield volumes. 
Hc subfields were manually demarcated on high-resolution images 
using a published protocol (Bender et al., 2018) and implementing 
additional procedures for longitudinal data. In both samples, we as-
sessed the test–retest reliability of volumetric measures of Hc sub-
fields across two visits, and between children and adolescents. In 
Sample One, we further evaluated the possibility of measurement 
bias related to volumes of the subfield and the visit number. As addi-
tional step toward applying the protocol, we assessed the sensitivity 
of the method in detecting between-person differences in volume 
change over a 2-year delay (Sample Two). Last, we present the prac-
tical implications of high measurement reliability in study design to 
optimize statistical power when testing mean change and reduce 
standard error of the parameter estimates.

2  | MATERIAL AND METHODS

2.1 | Participants

Two samples of healthy, typically developing children were recruited 
from the Metro Detroit area as part of an ongoing longitudinal 
study. All participants underwent MRI twice in two separate vis-
its. Delay between the scans in Sample One (n = 28, female = 14, 
ages 7–20 years, Med = 12.15, M = 12.64, SD = 3.35) was 1 month 
(M = 30.21 days, SD = 3.63) and delay between the scans in Sample 
Two (n = 28, female = 14, ages 7–17 years, Med = 11.16, M = 11.72, 
SD = 2.88) was 2 years (M = 2.15 years, SD = 0.16). Samples One and 
Two were comparable in terms of age and sex distribution (Figure 
S1). In presenting data from both samples, we use “Visit 1” and “Visit 
2” when referring to the scans acquired in those respective visits. 
The sample size was calculated to achieve 80%–90% power (N = 26–
35) to detect an expected ICC = 0.85 to be statistically significantly 
(α = 0.05) greater than a minimum reliability of 0.60 (Bonett, 2002; 
Walter et al., 1998). To evaluate the possible age-related differences 
in ICC measures, the median split by age was used in defining the 
children and adolescents age-groups in both Sample One [children 
(n = 14, female = 6, ages 7.76–12.06 years, M = 9.93, SD = 1.53, delay: 
M  =  31.32 days, SD  =  4.33) and adolescents (n  =  14, female  =  8, 
ages 12.24–20.20 years, M = 15.36, SD = 2.25, delay: M = 29.1 days, 
SD = 2.77)] and Sample Two [children (n = 14, female = 5, ages 6.98–
10.85 years, M = 9.42, SD = 1.10, delay: M = 2.18 years, SD = 0.15) and 
adolescents (n = 14, female = 9, ages 11.46–17.88 years, M = 14.03, 
SD = 2.13, delay: M = 2.11 years, SD = 0.17)]. All participants were 
screened for any potential developmental or neurological disorders 
or head trauma through phone interview or written questionnaires. 
For MRI session compatibility and safety issues, participants were 
excluded if they had any metallic implants, braces, or permanent 
retainers. Consent was obtained from all participants according to 
the procedures of the Wayne State University Institutional Review 
Board. Parental consent was acquired for participants who were 
under the age of 18 who also gave written or oral assent.
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2.2 | Image acquisition and post-
acquisition processing

High-resolution structural images were acquired, as a part of a 
1-hr protocol, using a 32-channel head coil on a 3T Siemens Verio 
(Siemens Medical AG, Erlangen, Germany) scanner full-body 
magnet at Wayne State University. The high-resolution, proton 
density-weighted, turbo spin echo (PD-TSE) sequence was ac-
quired perpendicular to the long axis of the Hc with the following 
parameters: voxel size = 0.4 × 0.4 × 2.0 mm3 (30 slices); echo time 
(TE) =17  ms; repetition time (TR)  =  7,150  ms; flip angle  =  120°; 
pixel bandwidth  =  96  Hz/pixel; turbo factor 11; and field of view 
(FOV) = 280 × 512 mm2. Due to possible morphological differences 
between left and right Hc (i.e., orientation and curvature), the left Hc 
was consistently used as the criterion structure in prescribing slice 
acquisition planes. This practice was implemented to maximize align-
ment similarities for data acquired in Visits 1 and 2 in both samples. 
In post-acquisition processing and using Analyze (v11.0) software, 
the intensity of all images was adjusted to 1,500  Hz and then in-
verted. These steps served the purpose of standardizing the inten-
sity of image set and approximating the appearance of T1-weighted 
images for the ease of manual demarcation. The same data acquisi-
tion procedures and same processing steps were implemented in the 
analyses of data from Samples One and Two.

2.3 | Manual demarcation of Hc subfields

Hc subfields were manually demarcated on the images acquired per-
pendicular to the long axis of the Hc according to a reliable protocol 
that uses a geometric heuristic (Bender et al., 2018). The subfields 
were demarcated on contiguous coronal slices of the extant Hc body 
extending from the slice posterior to the uncal apex to the last slice 

on which the lamina quadrigemina are visualized. The entorhinal cor-
tex (EC), the main gateway to input the Hc subfields, was also traced 
for a total of six slices extending five slices anterior to the beginning 
of the Hc subfields body range (see Figure 1). Due to poor anatomi-
cal boundaries and to increase the reliability of volume measure-
ments, subfields DG and CA3 were combined against the combined 
CA1 and CA2 regions. Within the context of development, the com-
bination of DG and CA3, which exhibit protracted development, 
would allow us to capture the potential age-related changes. Three 
expert raters (R.H, Q.Y, and S.R) achieved high inter-rater reliabil-
ity assessed by intraclass correlation coefficient, ICC (2) > 0.85 (for 
volumes from either right or left hemisphere) and ICC (2) > 0.9 (for 
the sum volumes from both hemispheres) across all regions of inter-
est (ROIs; Shrout & Fleiss, 1979). Determining high inter-rater reli-
ability assures that the raters are well trained, detail-oriented, and 
sufficiently experienced. All preprocessing steps and manual demar-
cations were done on a 21-in. digitizing tablet (Wacom Cintiq) with 
stylus in Analyze (v11.0) software.

2.4 | Randomization according to the 
longitudinal protocol

To safeguard against raters’ biases related to the visit number, we 
implemented a procedure to blind raters for the information and to 
randomize bias. Deidentified data were coded randomly as A or B 
for the visit number. Pairs of tracers were randomly assigned to each 
participant's image set, and individual tracers were further rand-
omized to slice assignment. This ensured that any rater-related bias 
was randomly distributed throughout the longitudinal data and any 
systematic error was avoided. The two images for each participant 
were then juxtaposed on the tablet, with placing A always on the left 
side and B on the right side of the screen. The tracers were required 

F I G U R E  1   Manual demarcations of Hc subfields. Examples of high-resolution (0.4 × 0.4 × 2 mm3) PD-TSE-T2-weighted images from a 
13-year-old male who was included in Sample Two and from which data were acquired in Visit 1 (left panels) and in a follow-up Visit 2 after 
2 years delay (right panels). The intensity of the images is inverted for the ease of visualization. Bilateral Hc subfield demarcations are shown 
on the bottom panels, and structures without the demarcations are shown above for comparison. Color legends are depicted on the insert 
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to proceed the tracing slice by slice for both visits simultaneously 
and made a consistent decision for each visit in the event of any am-
biguity (i.e., poor quality or artifact).

2.5 | Statistical analysis

2.5.1 | Test–retest reliability of ROIs using intraclass 
correlation coefficients (ICC3)

To assess the test–retest reliability of Hc subfield volume meas-
urements, we utilized ICC. A two-way mixed-effect single ANOVA 
model that assumes nonindependent observation (ICC (3); Koo & 
Li, 2016; Shrout & Fleiss, 1979) was specifically conducted for Hc 
subfields. The repeated-measure design for internal consistency of 
the same individuals measured over time made by the same raters 
has an assumption of fixed measurement bias (Shrout & Fleiss, 1979); 
therefore, ICC (3,1) was computed for subfield volumetric measures 
(left, right, and total) comparing Visits 1 and 2 with a 95% confidence 
interval. An ICC value of 1 indicates perfect consistency in volume 
measurements between the repeated measures, and we expected 
a minimum acceptable ICC  ≥  0.85, indicating approximately 15% 
measurement error tolerated in study design (Koo & Li, 2016). The 
available sample size was sufficient to provide at least 85% power to 
determine an ICC > 0.85 as statistically significantly different than a 
minimum ICC = 0.60.

2.5.2 | Bias evaluation using Bland–Altman plots

To determine if measurement error correlates with the volumet-
ric measures of Hc subfield, we implemented Bland–Altman plots 
(Bland & Altman, 2007). This is of particular importance in the field 
of development, where Hc subfield volumes are subject to change, 
and volume-related  bias may confound development-related 
changes.  In addition to correlation analysis, we further assessed 
the bias toward the visit number using a one-sample t-test, where 
the volumetric discrepancies across the two visits (Visit 1− Visit 2) 
were compared against zero. False discovery rate (FDR, Benjamini 
& Hochberg, 1995) corrections were made for multiple comparisons 
for the 12 analyses (left and right hemispheres, and total volumes of 
both hemispheres for the four ROIs).

2.5.3 | Sensitivity analysis

There is the possibility that high reliability of volume measures is pro-
duced by the insensitivity of the method in capturing within-subject 
differences relative to between-subject variability. Due to potential 
developmental changes in Sample Two, we calculated the change 
scores of volume measures across two visits (Visit 1 − Visit 2). The 
sensitivity of the protocol to detect variability of change scores over 
2-year delay was assessed by examining 95% confidence intervals 

of variance estimated with bias-corrected accelerated bootstrapping 
(BCa 95% CI; 5,000 draws).

2.5.4 | Application to study planning: Simulated 
statistical power and standard error of measurement

Measurement reliability, as an index of the proportion of error, 
relates to sensitivity of a hypothesis test and the confidence 
intervals surrounding the parameter estimate; high measure-
ment reliability provides high statistical power and low standard 
error. In investigating developmental changes in Hc subfield vol-
umes, these are critical issues to be considered given the often 
small effect sizes of mean change, the large variability observed 
in developmental samples and the high inter-region correlations. 
Assuming that studies are designed intentionally to be representa-
tive of the population and to exclude sources of error, we esti-
mated observed effect sizes in Sample Two over a 2-year delay 
as hypothetical magnitudes of mean change and as a function of 
measurement reliability (Williams & Zimmerman, 1989). The range 
of observed effect size estimates across ROIs was used in a power 
simulation (Faul et al., 2007, 2009) to determine the required sam-
ple size to achieve at least 85% power to detect the estimate to 
significance (p < 0.05) for measurements with different levels of 
reliability (ICC = 0.5, 0.6, 0.7, 0.8, 0.9, 0.99).

In addition to statistical significance, 95% confidence inter-
vals are typically interpreted when considering the magnitude 
of the effect generalized to the population. The standard error of 
measurement (SEM) is calculated based on the observed standard 
deviation of estimated change and the measurement reliability 
[SEM  =  σ√ (1 − ICC)], from which 95% confidence interval bounds 
are estimated [±(1.96 × SEM)]. Small SEM, and therefore narrow 95% 
confidence intervals, indicates good precision of the estimated pop-
ulation parameter. We conducted simulations across the six levels 
of reliability (ICC = 0.5, 0.6, 0.7, 0.8, 0.9, 0.99) to calculate SEM as 
a function of standard deviation of change based on the variance 
observed in Sample Two.

3  | RESULTS

3.1 | Sample One: Excellent consistency between 
visits with 1-month delay

All estimates of Hc subfield volumes had high test–retest reli-
ability over a 1-month delay ranging between 0.89 and 0.99, as 
can be seen in the test–retest reliability coefficients presented 
in Table  1 and depicted in Figure  2a. Evaluation of measures of 
95% CI indicated the hemispheres did not differ in the degree of 
measurement consistency. Observed volumetric discrepancies be-
tween two visits over 1-month delay did not significantly differ 
from zero in any ROI (|t| < 1.8, p > 0.07), suggesting no system-
atic bias toward the visit number. As the contribution of possible 
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developmental effects is expected to be minimal over a short, 1-
month period, the stability of volume estimates combined with 
high test–retest consistency indicates that other factors such as 
changes in MRI environment between sessions or potential daily 
volumetric fluctuations have minimal impact on volume estimates 
of regions of interest.

Based on 95% CI, ICC3 measures were comparable between chil-
dren and adolescents across all the ROIs (Table  1, Figure S2), and 
therefore the protocol has a negligible age-related bias. Although 
ICC3 coefficient was comparable between age-groups, we note that 
consistency of right EC volumes among children, although high, fell 
slightly below our target threshold: ICC3 = 0.84.

TA B L E  1   Intraclass correlation coefficients of (left, right, and total) Hc subfield and EC volumes for the whole sample and two age-groups 
over a 1-month delay

ICC3 [CI] Sample One

Left Right Total

ROIs Children and adolescents

DG–CA3 0.98 [0.95–0.99] 0.98 [0.95–0.99] 0.99 [0.97–0.99]

CA1–CA2 0.96 [0.92–0.98] 0.98 [0.97–0.99] 0.99 [0.97–0.99]

Subiculum 0.96 [0.91–0.98] 0.91 [0.82–0.96] 0.97 [0.94–0.99]

EC 0.93 [0.85–0.97] 0.89 [0.78–0.95] 0.94 [0.87–0.97]

Children

DG–CA3 0.97 [0.98–0.99] 0.99 [0.96–0.99] 0.99 [0.97–0.99]

CA1–CA2 0.96 [0.90–0.99] 0.98 [0.95–0.99] 0.98 [0.96–0.99]

Subiculum 0.97 [0.89–0.98] 0.93 [0.80–0.97] 0.97 [0.92–0.99]

EC 0.91 [0.75–0.97] 0.84 [0.59–0.94] 0.91 [0.75–0.97]

Adolescents

DG–CA3 0.97 [0.92–0.99] 0.94 [0.82–0.98] 0.97 [0.91–0.99]

CA1–CA2 0.93 [0.80–0.97] 0.98 [0.95–0.99] 0.98 [0.95–0.99]

Subiculum 0.95 [0.87–0.98] 0.90 [0.73–0.96] 0.96 [0.88–0.98]

EC 0.95 [0.85–0.98] 0.94 [0.83–0.98] 0.97 [0.91–0.99]

F I G U R E  2   (a) One-month delay consistency of Hc subfields and entorhinal cortex (EC) for left hemisphere (black), right hemisphere 
(white) and total volume (gray) are illustrated. The consistency of volumetric measures was equivalently high for all the ROIs and across 
hemispheres. Error bars represent the 95% confidence intervals. (b) The relationship between measurement error and average volume of 
Hc subfields and EC are provided. Within each plot, x-axis represents the average volumes across the two visits and y-axis represents the 
volumetric differences across two visits (Visits 1 and 2). Solid horizontal black line indicates the volume mean differences across two visits; 
horizontal dashed lines are 2 standard deviations above and below the mean. Difference scores are uniformly distributed across ROI sizes 
and within the 95% CI bands suggesting an unbiased volumetric estimation in respect to ROI sizes
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Bland–Altman plots were generated to evaluate the possibil-
ity of correlation between measurement consistency and ROI size 
(Figure 2b). Reviewing the Bland–Altman plots, we found that the 
majority of data fell within the 95% CI bands, uniformly distributed 
across ROI sizes and the volumetric difference between two visits 
did not correlate with ROI sizes (see Table 2). Notably, left EC mea-
surement error correlation with size (r = 0.42, p = 0.03, q = 0.004) 
did not survive FDR correction.

3.2 | Sample Two: Excellent consistency between 
visits with 2-year delay

The results of test–retest reliability for Sample Two are depicted in 
Figure 3a. All the ROIs had high test–retest reliability (ICC3 = 0.87–
0.96). Evaluation of 95% CI indicated that the consistency of volume 
measures was similar between hemispheres. Possible age-related 
bias was evaluated in comparing between children and adolescents. 
Based on 95% CI, ICC3 measures were comparable between two 
age-groups across all the ROIs (Table 3). Therefore, we replicated a 

similar test–retest consistency between a 1-month and 2-year delay 
in two independent developmental samples.

3.3 | Sensitivity to detect the individual differences 
in longitudinal changes

Once high test–retest consistency was established, variability in the 
measure can be considered valid and would be used to test indi-
vidual differences in development. Therefore, we aimed to assess if 
the reliable measures were sensitive to detect variability in change 
scores of volume measures across two visits over 2-year delay. The 
BCa 95% CI for the variance across ROIs in Sample Two showed that 
the variance of difference scores is different than zero in long-term 
delay (Figure 3b, Table 4) and comparable across regions. Therefore, 
the protocol was sensitive to individual differences in the magnitude 
(and direction) of change over the variable delay.

3.4 | Practical application of reliability assessments 
to longitudinal study planning

Based upon the estimated effect size of change and variability in 
change, we demonstrate how the information on measurement reli-
ability can be used to plan a longitudinal study of development with 
at least 85% power to detect mean change to significance (α = 0.05). 
As shown in Figure  4a, the statistical power of the test to detect 
mean change as significant is inversely proportional to measurement 
reliability. The practical implication of measurement reliability for 
determining the necessary sample size is most evident for tests of 
small effect size. The magnitude of change in regional Hc subfield 
and EC volumes over 2 years in Sample Two ranged d = 0.2–0.5; even 

TA B L E  2   Correlation coefficients for associations between 
average volumes and volumetric differences of Hc subfield and EC 
across two visits over a 1-month delay

r [p value] Sample One

Left Right Total

ROIs Children and adolescents

DG–CA3 −0.12 [0.55] 0.06 [0.77] −0.02 [0.90]

CA1–CA2 0.02 [0.92] −0.12 [0.56] −0.10 [0.63]

Subiculum 0.26 [0.18] −0.16 [0.42] −0.06 [0.77]

EC 0.42 [0.03] −0.03 [0.88] 0.18 [0.35]

F I G U R E  3   (a) Two-year delay consistency of Hc subfields and entorhinal cortex (EC) volumes are illustrated for left hemisphere (black), 
right hemisphere (white), and total volume (gray). The consistency of volumetric measures was equivalently high for all ROIs and across 
hemispheres. Error bars represent the 95% confidence intervals. (b) Sensitivity of the method in detecting individual differences in the 
change scores (Visits 1 and 2) is shown for the volumes of the ROIs over 2-year delay
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with moderate effect sizes, the practical implication for sample re-
cruitment demonstrates a benefit of high measurement reliability.

Similarly, high measurement reliability improves the precision 
of the parameter estimate (Figure 4b), illustrated by small standard 
error of measurement that would correspond to narrower 95% con-
fidence intervals. Individuals are expected to differ in the magnitude 
(or direction) of change due to true variability in the population, and 
a highly reliable measure proportionally represents more true vari-
ability than error (Williams & Zimmerman, 1989). A study can effec-
tively achieve comparable statistical power and confidence intervals 
of the estimate when using a low reliable measure by increasing sam-
ple size and limiting sample variability.

4  | DISCUSSION

To our knowledge, this is the first study to establish test–retest relia-
bility of Hc subfield volumes using manual demarcation in a develop-
mental sample. Simulating longitudinal study design, but controlling 

for the possible effect of development, we first demonstrated ex-
cellent consistency of volumetric measures of Hc subfields and EC 
over 1-month delay. This indicated that change in factors involved in 
the scanning environment, such as head repositioning or alignments, 
does not substantially bias volume measures of Hc subfields and EC 
obtained with our protocol. Our findings also suggested that meas-
urement error was independent of participant age, ROIs size, and 
visit number. Further, over a 2-year delay, we replicated excellent 
measurement consistency, and demonstrated high sensitivity of the 
method in detecting individual differences in change scores.

These results are consistent with previous findings assessing 
test–retest consistency of automated Hc subfields segmentation 
pipeline implemented in FreeSurfer in younger individuals (Tamnes 
et al., 2018) and healthy adults and neurodegenerative population 
(Brown et al., 2020; Mueller et al., 2018; Whelan et al., 2016; Worker 
et al., 2018). These studies report that volumetric estimations of Hc 
subfields obtained from FreeSurfer are highly consistent across dif-
ferent visits. Yet, the age-related bias of the Hc subfield volumes 
estimated by automated methods remains unclear. Particularly, 

TA B L E  3   Intraclass correlation coefficients of (left, right, and total) Hc subfield and EC volumes for the whole sample and two age-groups 
over a 2-year delay

ICC3 [CI] Sample Two

Left Right Total

ROIs Children and adolescents

DG–CA3 0.88 [0.77–0.95] 0.92 [0.84–0.96] 0.94 [0.88–0.97]

CA1–CA2 0.90 [0.81–0.96] 0.96 [0.91–0.98] 0.95 [0.90–0.98]

Subiculum 0.87 [0.73–0.94] 0.90 [0.80–0.95] 0.90 [0.80–0.96]

EC 0.94 [0.87–0.97] 0.94 [0.88–0.97] 0.95 [0.89–0.98]

Children

DG–CA3 0.84 [0.57–0.95] 0.87 [0.64–0.96] 0.91 [0.76–0.97]

CA1–CA2 0.88 [0.67–0.96] 0.92 [0.76–0.97] 0.93 [0.78–0.98]

Subiculum 0.88 [0.66–0.96] 0.88 [0.66–0.96] 0.91 [0.74–0.97]

EC 0.92 [0.77–0.97] 0.94 [0.83–0.98] 0.94 [0.81–0.98]

Adolescents

DG–CA3 0.96 [0.87–0.99] 0.95 [0.86–0.99] 0.97 [0.90–0.99]

CA1–CA2 0.95 [0.86–0.99] 0.98 [0.92–0.99] 0.97 [0.91–0.99]

Subiculum 0.86 [0.62–0.95] 0.91 [0.75–0.97] 0.90 [0.72–0.97]

EC 0.97 [0.91–0.99] 0.94 [0.83–0.98] 0.97 [0.90–0.99]

TA B L E  4   Bootstrapped variance of change scores across (left, right, and total) Hc subfield and EC volumes over a 2-year delay

Bootstrapped variance [CI], Sample Two

Left Right Total

ROIs Children and adolescents

DG–CA3 481.14 [229.25–726.23] 418.26 [203.62–623.81] 1,010.81 [454.26–1,629.94]

CA1–CA2 338.14 [187.97–470.76] 221.31 [107.70–327.12] 740.57 [360.11–1,102.66]

Subiculum 790.22 [434.20–1,112.16] 579.06 [275.23–884.59] 2,027.07 [818.93–3,257.13]

EC 400.66 [218.29–581.42] 347.66 [248.45–421.59] 983.24 [558.91–1,414.53]
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the automated segmentation tool is shown to be biased toward a 
different age-group or a different type of sample (for review, see 
Wenger et al., 2014), which is a critical consideration in developmen-
tal investigations. Besides, the Hc subfield segmentation with the 
aforementioned protocols has not been validated (Wisse, Biessels, 
& Geerlings, 2014), and therefore good test–retest reliability alone 
is insufficient to evaluate the protocol. Here, we applied a manual 
segmentation protocol that is reliable and has been validated in ref-
erence to known anatomy and in convergent studies across the life 
span (Bender et al., 2018), and provided additional critical informa-
tion on the longitudinal test–retest consistency in a developmental 
sample.

A persistent challenge in the study of Hc subfield develop-
ment and function, however, is the plethora of protocols that are 
highly variable and cannot be directly compared. There have been 
many empirical reviews that discuss these challenges (de Flores 
et al., 2019; DeKraker et al., 2020; Olsen et al., 2019; Yushkevich, 
Amaral, et al., 2015). Yet, even when the field at large comes to a 
consensus, accepted protocols will still need to consider test–retest 
consistency for their application to longitudinal study.

The reliability of a measure is not only the quality of its la-
bels, but also the protocol by which the labels are applied. Manual 
demarcation, while considered a gold standard in in vivo brain 
segmentation, is also criticized for its vulnerability to the bias 
between and within raters (Tamnes et  al.,  2018); the strength 
and weakness both stem from subjective human judgment. The 
human rater is better equipped to apply a standardized protocol 

to variable anatomy, or visualization, but this approach is also 
vulnerable to systematic bias. Here, we detail our intentional 
procedures to foster high reliability and maintain blind rating: in 
short, maximizing the strengths and mitigating the limitations of 
human judgment. Foremost, we assign two raters per case, each 
tracing a random subset of slices, but referring to each visit simul-
taneously. This promotes consistent rater decisions across slices 
and visits but reduces opportunities for systematic rater bias. 
Although between-rater agreement in our protocol was high, it is 
not without error, and the random assignment of raters randomly 
distributes error in the measurement, further mitigating statisti-
cal bias. These practical procedures, in addition to high inter-rater 
reliability of the manual segmentation protocol, resulted in an 
unbiased, high test–retest consistency over short and long delays 
and plausibly mitigated bias related to differences in MRI environ-
ment. As reliability is required for valid estimates of mean change 
and individual differences therein, procedures that promote good 
longitudinal measurement consistency are of equal importance to 
inter-rater agreement.

Important to the study of longitudinal change in Hc subfields, 
volumetric estimations acquired by high-resolution MRI are sensi-
tive to individual differences, as shown with the current protocol. 
As reviewed above, Hc subfields exhibit differential developmental 
trajectories and their differential roles on memory development are 
yet to be explored (Daugherty et al., 2016, 2017; Jones & McHugh, 
2011; Keresztes et  al.,  2017; Lavenex & Lavenex,  2013). Of rele-
vance to characterizing cognitive development, a high-sensitive 

F I G U R E  4   The practical applications of measurement reliability in optimizing the statistical power and confidence intervals of estimated 
mean change are illustrated. (a) The sample size required to achieve the minimum of 85% power (α = 0.05) to detect an estimate of mean 
change to statistical significance (p < 0.05) is shown as a function of the true effect size and measurement reliability. The inset illustrates 
the range of effect sizes observed across regions of interest, approximately 0.2–0.5. High measurement reliability provides good sensitivity 
for estimated mean change in feasible sample sizes. (b) The standard error of measurement (SEM) in mean change, which is used to calculate 
95% confidence intervals, is depicted as a function of observed variability in change and measurement reliability. Low SEM (narrower 
confidence interval bounds) indicates good precision of the parameter estimate, and high measurement reliability reduces SEM when 
variability in change is expected. The observed variability of regions of interest ranged from approximately 18 to 45 
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method can capture nuance individual differences in the regions of 
interest which potentially contribute to the observed age-related 
differences in development of memory performance (Daugherty 
et al., 2017; Keresztes et al., 2018). Sensitive method for assessing 
Hc subfield volumes may help shed light on the functional specializa-
tion of the Hc subfields and facilitate the identification of the poten-
tial modifiers of individual developmental trajectories (i.e., genetic 
predisposition or socioeconomic status). Following the necessary 
assessment of test–retest reliability, the protocol can be applied in a 
larger sample to study mean change and individual differences over 
long periods.

We further demonstrated the practical implications of mea-
surement reliability for study design to ensure statistical power of 
the hypothesis testing and narrow confidence intervals the param-
eter estimates. Statistical power is determined by total observed 
variance and can be modified by changing the true variance ob-
served or the error variance (Zimmerman & Williams, 1986). A mea-
sure with low reliability will have large error variance and studies 
can compensate for this to achieve high statistical power by reduc-
ing the true variance by one of two approaches. The first option is 
to narrowly sample the population with strict selection criteria in 
order to minimize individual variability; however, this will reduce 
the external validity of the study and compounds concern about 
poor generalization to underrepresented groups. The second op-
tion is to increase the sample size and monopolize on regression 
toward this mean; as we demonstrate in the power and confidence 
interval simulations, the required sample sizes by this approach 
become intractable based on high cost of MRI and probable longi-
tudinal attrition. An alternative approach is to improve statistical 
power by reducing error variance (Kanyongo et al., 2007), which 
has the added benefit of narrowing the 95% confidence intervals 
of an estimate to support interpretation of specific regional ef-
fects. Thus, investing in measurement protocols with high reliabil-
ity is a cost-effective way to support longitudinal MRI studies with 
feasible sample sizes that are representative of the population. We 
suggest interpreting measurement reliability with respect to the 
expected true effect size, the observed variance, and the sample 
size rather than a rule-of-thumb threshold. The combination of the 
smallest true effect, largest observed variability, and lowest mea-
sure reliability can be used to determine feasible study design. For 
example, a reliability coefficient of 0.7 indicates 30% of measure-
ment variance is error—a value considered “good” by convention—
yet the required sample size to achieve sufficient power and 
narrow confidence intervals may not be practical if the expected 
effect size is small and sample variability is large.

Overall, establishing test–retest reliability will assure that, 
in longitudinal studies, changes observed over time likely due to 
attributes of interest (e.g., age) rather than an artifact of mea-
surement error. In developmental samples, accurate and reliable 
identification will facilitate research on the age-related changes 
of Hc subfield volumes, and will provide support for the internal 
validity of volumetric measures of Hc subfields in constructing 
theoretical models of memory development (Carr et al., 2010). 

Reliability of the manual segmentation methods further extends 
to the quality of (semi) automated methods built from the proto-
col, which provides efficient data processing of large samples that 
are expected for longitudinal study. Finally, high measurement re-
liability by definition reduces sampled error, and by extension, im-
proves statistical power of hypothesis tests, together this makes 
longitudinal studies with modest sample sizes more tractable (Zuo 
et al., 2019). This is of particular importance for the neuroimaging 
studies that are expensive in nature, and recruiting and retaining 
large samples is not always feasible.

4.1 | Limitations and future direction

While methodologically rigorous, the findings of this study should 
be interpreted in the context of several limitations. First, Hc sub-
field segmentation, due to the complexity of morphological and 
anatomical properties, was limited to the body of the Hc and ad-
jacent EC, barring us to generalize to the Hc head and tail (Wisse 
et al., 2016). Second, our protocol does not provide the distinc-
tion across all the Hc subfields and combines smaller subfields 
into a single label: CA3–DG, CA1–CA2, and the subiculum regions. 
These decisions are made to improve the reliability of our manual 
segmentation protocol as the boundaries across the small sub-
fields are poorly distinguishable at this image resolution and field 
strength (Iglesias et al., 2015; Marizzoni et al., 2015; Yushkevich, 
Amaral, et al., 2015). Third, we aimed to demonstrate the consist-
ency and sensitivity of the measure in a developmental sample, 
and we cannot generalize the results to young childhood or across 
the adult life span. Finally, the current study was deliberately de-
signed to examine possible sources of bias over variable delay 
and related to age; however, it falls short in detecting the specific 
source of the error measurement (i.e., effects of scan, day, or re-
positioning etc.). Because we found evidence of high test–retest 
consistency, other covariates of measurement error are likely to 
be small; but additional study of covariates would provide greater 
insight into sources of measurement error and options for statisti-
cal control in analysis (see Brandmaier et al., 2018).

5  | CONCLUSION

In this study, we established the longitudinal consistency of Hc 
subfield volumes in two independent developmental samples. We 
provided evidence on the unbiased reliability estimations of Hc sub-
field volumes which were independent of participant age, ROIs vol-
umes, and visit number. We further showed that our methods were 
sensitive in capturing nuance individual differences of longitudinal 
changes. In conclusion, we present that methods applied are robust, 
reliable, and sensitive, which may increase the power of the hypoth-
esis test and reduce standard error of measurement, particularly 
when the sample size or effect size are small, and high variability is 
expected. We suggest that current method, with further validation, 
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could support the use in measuring Hc subfield structural changes 
which potentially contribute the development of distinct aspects of 
episodic memory in children and adolescents.
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SUPPORTING INFORMATION
Additional supporting information may be found online in the 
Supporting Information section.

FIGURE S1 Samples characteristics plotted as participants distribu-
tion by age and sex (female = red, male = blue) for Sample One (one-
month delay, left panel) and for Sample Two (two-years delay, right 
panel). Each sample consisted of 28 participants and none of the 
participants were included in more than one of the samples. Dots at 
two ends of each line represent participant age at Visit 1 and Visit 2 
and the length of the lines indicates the delay between the two visits
FIGURE S2 Consistency of volumetric measures over a one-month 
delay did not differ by age. Consistency, measured by intraclass cor-
relation coefficients (ICC3), is depicted separately for subsample of 
children (turquoise) and adolescents (purple) defined based on me-
dian split by age. The consistency of volumetric measures was equiv-
alently high in all regions of interest (left, right, and total volumes of 
Hc subfields and EC) in both subsamples. Figure depicting analyses 
from Sample One, similar pattern was found for sample 2 (see text). 
Error bars represent the 95% confidence intervals. CA, cornu ammo-
nis; DG, dentate gyrus; EC, entorhinal cortex
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