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The hippocampus, critical for learning and memory, undergoes substantial changes early in life. Investigating the
developmental trajectory of hippocampal structure and function requires an accurate method for segmenting this
region from anatomical MRI scans. Although manual segmentation is regarded as the “gold standard” approach,
. . it is laborious and subjective. This has fueled the pursuit of automated segmentation methods in adults. However,
Machine learning . . s o . .
Medial temporal lobe little is known about the reliability of these automated protocols in infants, particularly when anatomical scan
MRI quality is degraded by head motion or the use of shorter and quieter infant-friendly sequences. During a task-
based fMRI protocol, we collected quiet T1-weighted anatomical scans from 42 sessions with awake infants
aged 4-23 months. Two expert tracers first segmented the hippocampus in both hemispheres manually. The
resulting inter-rater reliability (IRR) was only moderate, reflecting the difficulty of infant segmentation. We then
used four protocols to predict these manual segmentations: average adult template, average infant template,
FreeSurfer software, and Automated Segmentation of Hippocampal Subfields (ASHS) software. ASHS generated
the most reliable hippocampal segmentations in infants, exceeding the manual IRR of experts. Automated
methods thus provide robust hippocampal segmentations of noisy T1-weighted infant scans, opening new pos-
sibilities for interrogating early hippocampal development.

1. Introduction

The hippocampus plays a fundamental role in learning and memory
(Cohen and Eichenbaum, 1993; Corkin, 2013; Nadel and Hardt, 2011;
Schapiro et al., 2017; Squire, 1992; Tulving and Markowitsch, 1998).
This role emerges in development while the hippocampus undergoes
significant changes well into adolescence (Arnold and Trojanowski,
1996; Gogtay et al., 2006; Keresztes et al., 2018; Schlichting et al., 2017;
Uematsu et al., 2012). Understanding this developmental trajectory of
hippocampal structure and function requires demarcating this region
from surrounding regions reliably and accurately. This is perhaps most
challenging in infancy when the hippocampus doubles in volume (Ellis
et al., 2021a; Goémez and Edgin, 2016; Uematsu et al., 2012).

Although detailed tutorials exist to guide the segmentation of the
adult hippocampus (e.g., Dalton et al., 2017), these methods are difficult
to apply to the infant hippocampus. These difficulties stem from a lack of
agreement about infant-appropriate anatomical landmarks that can be
used to guide segmentation with magnetic resonance imaging (MRI). In
adults, these landmarks were derived from histological assessments of
humans (Insausti and Amaral, 2004) and non-human primates (Rakic

and Nowakowski, 1981) but equivalent landmarks have generally not
been established in infancy (cf. Insausti et al., 2010). Additionally, in-
fants tend to move their heads more during MRI, even while asleep
(Denisova, 2019). This movement can blur boundaries between white
and gray matter that define the hippocampus. Furthermore, sound levels
limit the use of certain sequences in minimal risk research. For example,
T2-weighted scans — typically acquired for adult hippocampal seg-
mentation — can wake or startle sleeping infants. Conversely,
T1-weighted scans can be quieter, but typically have a voxel resolution
around 1 mm (compared to 0.4-0.5 mm from a T2-weighted scan),
obscuring landmarks needed to identify the hippocampus. Finally, the
hydration properties of myelin change rapidly over the first year of life,
altering the contrast of white matter in T1-weighted images (Xue et al.,
2007) and lowering tissue contrast (Shi et al., 2011). For these reasons,
segmentation of the infant hippocampus faces several unique challenges
not shared with hippocampal segmentation in adults or even older
children. These limitations have led to a focus on gross segmentation of
the whole infant hippocampus (Gousias et al., 2012; Guo et al., 2014,
Guo et al., 2015; Ellis et al., 2021a), although there are recent attempts
to segment subfields (Li et al., 2019; Zhu et al., 2019).
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Manual segmentation is often considered the “gold standard” for
accurately defining regions of interest (ROI) like the hippocampus
(Boccardi et al., 2015; Frisoni et al., 2015; Rodionov et al., 2009).
Protocols for manually segmenting the whole infant hippocampus have
been developed (Gousias et al., 2012). However, manual segmentation
requires considerable training and is time-consuming even for experts
(Morey et al., 2009), and the results can suffer from subjective biases
(Colon-Perez et al., 2016). Automated methods can be more efficient
(Morey et al., 2009) and reduce bias (Khlif et al., 2019). Given a sample
of adult T2-weighted and T1-weighted MRI scans, multi-atlas automated
algorithms such as Automated Segmentation of Hippocampal Subfields
(ASHS; Xie et al., 2019; Yushkevich et al., 2015) generate accurate and
reliable hippocampal subfield segmentations from a library of manually
labeled MRI scans. FreeSurfer (Brown et al., 2020; Iglesias et al., 2015)
employs a statistical atlas from high resolution (~0.1 mm) ex vivo MRI
scans for adult hippocampal segmentation. Tested on child MRI data (>
6 years), ASHS produces consistently accurate segmentations (Bender
et al., 2018; Schlichting et al., 2019), whereas FreeSurfer can fail to
approximate manual segmentations (Schoemaker et al., 2016). Previous
research has employed a more rigorous approach to improve and opti-
mize automated hippocampal segmentations from T1-weighted scans,
using AdaBoost post-processing to correct consistent errors that
commonly occur during automated segmentation, significantly
improving reliability and accuracy in adults (Wang et al., 2011) and very
young children (Lee et al., 2015). This corrective learning technique was
also shown to excel for adult T1-based automated segmentation of the
amygdala (Hanson et al., 2012) and cerebellum (Wang et al., 2016).
Although the efficacy of these algorithms for adult and child data is well
known, their accuracy and reliability in infants is still emerging.

Automated approaches such as a dilated dense network embedded
within a U-net (Zhu et al., 2019) and a multi-atlas-based protocol (Guo
et al.,, 2015) can generate reliable segmentations of the infant hippo-
campus using T1-weighted scans. The metric for evaluating reliability in
these previous studies was intra-rater reliability — how accurately the
model predicts a held-out manual segmentation from the same expert
tracer who created the other segmentations on which the model was
trained (i.e., training on expert A, testing on expert A). However, this
metric cannot distinguish whether the algorithm has learned the idio-
syncrasies of this tracer or more generalized segmentation principles, a
version of the overfitting problem in machine learning (Carmo et al.,
2019). To determine whether automated methods create segmentations
that generalize, it is necessary to employ inter-rater reliability (IRR) as
the performance metric — how accurately the model predicts a manual
segmentation from an expert tracer whose segmentations were held out
of model training entirely (i.e., training on expert A, testing on expert B).
This metric is particularly important in cases where subjectivity has a
strong influence, such as when the scans used for segmentation have
high noise.

In the present study, we used this more stringent across-expert IRR
test of generalizability to investigate four protocols for infant hippo-
campal segmentation. As tested in older children (Schlichting et al.,
2019), we evaluated how well the manual segmentation of an infant’s
hippocampus could be predicted from: (1) manual segmentations of
adults (average adult template), (2) manual segmentations of other in-
fants (average infant template), (3) automated FreeSurfer segmentation
of the same infant, and (4) automated ASHS segmentation of the same
infant. For each infant, two independent expert tracers manually
segmented the whole hippocampus and medial temporal lobe (MTL)
cortex, enabling a fully manual benchmark measurement of IRR against
which to evaluate the protocols (Bender et al., 2018). These protocols
were tested in the extreme case of low data quality: short T1-weighted
scans collected from 42 sessions with infants aged 4-23 months who
were awake in the scanner. This produces noisier data than what is
expected from infant data collection during sleep or sedation, such that
success may bode well for broader application, including to
lower-quality data from portable scanners (Deoni et al., 2021). Success
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with awake scans is also important because infant fMRI is becoming
more feasible, which could enable task-based studies of hippocampal
function during online learning and memory (Ellis et al., 2021a).

2. Methods
2.1. Participants

Data from 42 sessions with 22 distinct healthy infants (13 female)
were collected for this study. At the time of each session, the infants
ranged in age from 3.6 to 23.1 months (M=10.6, SD=5.1). These ses-
sions were held at three sites: 7 at the Scully Center for the Neuroscience
of Mind and Behavior at Princeton University, 10 at the Magnetic
Resonance Research Center (MRRC) at Yale University, and 25 at the
Brain Imaging Center (BIC) at Yale University. The data were collected
as part of ongoing task-based fMRI studies in awake infants. These ses-
sions were chosen for segmentation because these participants
completed a study that examined hippocampal contributions to infant
learning (e.g., Ellis et al., 2021a). Of the 42 anatomical scans from these
sessions, 10 were from “non-repeat” infants who contributed one ses-
sion; “repeat” infants contributed more than one session: 6 had two
sessions (12 total), 5 had three sessions (15 total), and 1 had five ses-
sions. At least one month passed between repeat scans (range: 1.1-6.4).
Refer to Table S2 for information on each participant. Parents gave
informed consent on behalf of their child to a protocol approved by the
Institutional Review Board at each site.

2.2. Data acquisition

MRI images were acquired with a Siemens Skyra 3T MRI scanner at
Princeton and a Siemens Prisma 3T MRI scanner at both the MRRC and
BIC sites at Yale. The bottom half of the 20-channel Siemens head coil
was used at all sites. The top half of the head coil was removed during
these studies to permit visual stimulation and eye-tracking, and to
monitor infant comfort and task compliance. We previously validated
this coil configuration, including showing similar signal from the bottom
half alone in infants as the top and bottom in adults, given the smaller
head size of infants (Ellis et al., 2020). Regardless, these scans provide a
conservative test of the segmentation algorithms, and they are repre-
sentative of our approach to awake, task-based infant fMRI (Ellis et al.,
2021a, 2021b, 2021c). Infant anatomical images were acquired with a
T1l-weighted PETRA quiet sequence (TR1=3.32 ms, TR2=2250 ms,
TE=0.07 ms, flip angle=6°, matrix=320x320, slices=320, reso-
lution=0.94 mm iso, radial slices=30,000, duration= 3mins, 8s).

2.3. Procedure

Our protocol for collecting infant MRI data has been described in
detail in a previous methods paper (Ellis et al., 2020). Briefly, parents
and infants were acclimated to the scanning environment during an
orientation visit prior to their first scanning session. Parents scheduled
sessions for the time of day they felt the infant would be calmest and
happiest. Both the parent and infant were rigorously screened for metal.
Hearing protection was applied to the infant in three layers: silicon inner
ear putty, over-ear adhesive covers, and earmuffs. The infant was
carefully placed on a vacuum pillow on the scanner bed, comfortably
reducing movement. During the anatomical scans, infants were shown a
movie to keep them engaged or they completed an eye-tracking cali-
bration. If the infant became fussy, they were shown something else
until they calmed down, or we ended the scan for a break before
re-trying. In some cases (N=8), we initiated an anatomical scan because
the infant fell asleep after being awake for other parts of the study. In-
fants were monitored during data collection with an in-bore MRC
video-camera. If the infant moved excessively, the anatomical scan was
stopped to minimize wasted time in producing a blurry image. In some
sessions, multiple anatomical scans were collected. The highest quality
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scan was chosen for segmentation. When two high-quality scans were
acquired, they were aligned and averaged (N=10).

2.4. Transformation to standard space

For the comparison of scans across sessions and for the construction
of an average infant template, infant data were aligned into standard
space using nonlinear methods (see Fig. S1 for linear methods). Past
research has found that nonlinear methods result in more accurate
alignment of an individual infant’s anatomical scan to an infant tem-
plate (Pineda et al., 2014). The nonlinear method we used was ANTs,
based on diffeomorphic symmetric normalization (Avants et al., 2011).
After aligning each scan to an age-specific MNI infant template (Fonov
et al., 2011) with ANTs, we further aligned the data from this infant
template space to an adult MNI template (MNI152; Mazziotta et al.,
2001) using a precomputed linear mapping.

2.5. Manual segmentation

Two tracers, CE and JF (authors), manually segmented all 42
anatomical scans in accordance with an infant hippocampal segmenta-
tion protocol (Gousias et al., 2012) supplemented by guidance from an
adult MTL cortex demarcation protocol (Aly and Turk-Browne, 2016).
The tracers were blind to the age and sex of the participants, as well as to
the corresponding manual segmentations of the other tracer.

The infant hippocampus is more easily visible using sagittal slices
than coronal slices (Gousias et al., 2012). The lateral edge of the hip-
pocampus was defined on the sagittal plane by the white matter of the
temporal lobe and the grey matter of the hippocampus, although on
some occasions cerebrospinal fluid (CSF) was used to define this edge
and not white matter. The medial edge was defined using the lateral
ventricle. The amygdala helped discriminate the anterior boundary for
the head of the hippocampus, especially in more lateral sagittal slices.
However, traversing medially, it was common for this anterior edge
distinction to become less clear. In these instances, the hippocampal
shape from adjacent slices guided the estimate of the anterior edge. The
posterior edge at the tail of the hippocampus was generally circum-
scribed by white matter or CSF. On more medial slices, it was common
for the body to disappear, with only the posterior-tail and anterior-head
visible. After the hippocampus was fully traced in the sagittal plane,
both tracers refined the outlines using the coronal plane, ensuring that
the subiculum extended medially in this coronal view and did so
consistently across sagittal slices.

MTL cortex, encompassing entorhinal, perirhinal and para-
hippocampal cortices, was segmented on the coronal plane. As with
adult MTL cortex (Aly and Turk-Browne, 2016), the anterior extent of
infant MTL cortex was determined by the collateral sulcus (CS). The CS
was followed from anterior to posterior coronal slices and MTL cortex
was drawn as connecting to the hippocampus. In some scans, the CS was
inconsistently visible across slices. When the CS was not visible, tracers
interpolated between landmarks and drew MTL cortex despite uncer-
tainty. The posterior extent of MTL cortex was determined by an
imaginary line perpendicular to the hippocampal body.

2.6. Reliability evaluation

The Dice metric (Dice, 1945) was used throughout to make com-
parisons between segmentations of regions. Dice measures the spatial
overlap between two volumes, calculated as:

2*XNY
Dice = ——
x|+ 17|
where X and Y denote the set of labeled voxels to be compared. The
value of a Dice metric ranges from 0, which indicates no spatial overlap
between the two sets of manual segmentations, to 1, indicating perfect
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overlap. Values below 0.5 were considered weak, values between
0.5-0.6 were considered moderate, values between 0.6-0.7 were
considered satisfactory, and values above 0.7 were considered robust
(Hashempour et al., 2019). To compute IRR, the Dice between CE and
JF’s nonlinearly aligned segmentations of a given scan was calculated
separately for the hippocampus and MTL cortex and this was repeated
for all 42 scans. These calculations were performed in standard space in
order to make the comparisons consistent across use cases; however, IRR
values were highly similar in native anatomical space. Dice was used for
other comparisons as well, as described below.

The reliability of our manual segmentation approach was further
evaluated by computing intra-class correlation (ICC) for each region.
ICC was calculated using the (2,1) absolute agreement of single mea-
sures method (Shrout and Fleiss, 1979) common across several papers
validating hippocampal segmentation (Schlichting et al., 2019; Xie
et al., 2019; Yushkevich et al., 2015).

2.7. Repeat analyses

Repeat scans from the same infant across sessions afforded the op-
portunity to investigate whether the location of the hippocampus in the
developmental future or past could be predicted from a segmentation at
a younger or older age, respectively. As a control, each pair of repeat
sessions from the same infant was matched in age to two sessions from
different infants as closely as possible (error in age matching: M=0.31
months, SD=0.38, range=0.00-1.40). The Dice of repeat sessions
within-participant was compared with the Dice of one of those repeat
sessions with the control session age-matched to the other repeat session
in the pair (and then reversed to control for the other repeat session). For
example, consider the comparison between the first session of partici-
pant s7017_1_1 (5.2 months old) and their fourth session s7017_1_4 (8.3
months old). An age-match control for the first session was found with
participant s0687_1_1 (5.3 months old), with an age match error of 0.1
months. An age-match control for the latter session was s8607_1_1 (8.5
months old), with an age match error of 0.2 months. We thus compared
$7017_1_1/s7017_1_4 (within participant) vs. s7017_1_1/s8607_1_1 and
s0687_1_1/57017_1_4 (between participants). The whole procedure was
then run for all pairings of repeat sessions.

Repeat scans from the same infant within the same session afforded
the opportunity to investigate test-retest reliability more directly. A
subset of 10 infants had two anatomical scans from the same session. We
used Dice to compare the manual segmentations of these scans from the
two tracers. In every other analysis involving these sessions with two
scans, we performed segmentation after aligning and averaging the two
anatomical scans.

2.8. Average adult template

An average adult template was constructed using the Harvard-
Oxford subcortical probabilistic atlas for the hippocampus (Makris
et al., 2006). This probabilistic atlas was originally created by aggre-
gating and averaging the binarized hippocampal segmentations from 37
distinct healthy adults (ages 18-50). Hence, each voxel value reported
the proportion of participants for whom that voxel was labeled as hip-
pocampus. In the present study, this atlas was thresholded at a proba-
bility of 50% and binarized to create our average adult template. This
was only done for the hippocampus since no MTL cortical regions were
segmented in this atlas. Dice was then used to compare this template
with the nonlinearly aligned infant manual segmentations from CE and
JE.

2.9. Average infant template
To produce an average infant template, a leave-one-scan-out

approach was employed. On each iteration, all segmentations from the
two manual tracers were aggregated except those of the held-out scan.
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The aggregated segmentations were averaged and thresholded,
requiring voxels to be labeled in at least 50% of sessions to be included.
Dice was then used to compare this template to each tracer’s segmen-
tation of the held-out scan.

2.10. FreeSurfer

FreeSurfer served as an automated algorithm. Segmented infant
hippocampal data (no MTL cortex available) were extracted using an
adult FreeSurfer reconstruction pipeline (Iglesias et al., 2015). We have
found that the FreeSurfer pipeline shows inconsistent success when
applied to skull stripped infant data, perhaps as a result of employing a
T1-weighted PETRA quiet sequence. Given this inconsistency, we first
applied FreeSurfer to infant scans with the skull included. For the ses-
sions in which FreeSurfer failed to identify the hippocampus, we sub-
sequently applied the pipeline to versions of the same scan with skull
stripping, in the hope that FreeSurfer would succeed. Following this
two-step procedure, FreeSurfer succeeded on 40 of 42 scans. The two
scans that FreeSurfer was unable to segment were excluded from the
calculation of the FreeSurfer IRR metric. This metric was calculated by
comparing the FreeSurfer segmentation of an infant to each tracer’s
corresponding manual segmentation.

2.11. ASHS

Multiple ASHS models were evaluated in this study. The “Adult-
Pretrained-ASHS” model was previously trained by the Penn Image
Computing and Science Laboratory (PICSL) to automatically segment
the adult hippocampus and MTL (Xie et al., 2016). Importantly, PICSL
used only T1-weighted scans from adults aged 55 and older for model
training. Given that we segmented the whole hippocampus in the pre-
sent study, demarcations of subregions produced by this model (e.g.,
anterior and posterior hippocampus) were pooled.

The other ASHS models were trained on our manual infant seg-
mentations aligned into standard space. We initially attempted to supply
ASHS with segmentations in each infant’s native anatomical space;
however, the ASHS pipeline failed to consistently align these data
appropriately when forming the template. In particular, the ANTs
standard parameters defined in the ASHS configuration file resulted in
poor alignment between the infant brains for a small portion of the
participants. We supplied the segmentations and anatomical images in
standard space, based on our own ANTs parameters (Ellis et al., 2021c),
with the hope of making template creation easier and reducing the
burden on the alignment step within ASHS. We also made additional
modifications to the ASHS configuration file to increase the search it-
erations (refer to the data release for the updated parameters). This
successfully led to the formation of well-aligned templates.

A cross-validation approach was adopted for these training sessions,
in which an ASHS model was trained on all but one scan. The model was
then used to predict the nonlinearly aligned segmentation of the held-
out scan. The “CE-ASHS” and “JF-ASHS” models were trained using
the manual infant segmentations from CE and JF manual tracers,
respectively. The “Infant-Trained-ASHS” model was trained over both CE
and JF’s manual infant segmentations. On each leave-one-scan-out
training iteration for this latter model, the order of CE and JF’s seg-
mentations was shuffled randomly to prevent order effects (Mange,
2019).

To assess how many tracing examples were needed to achieve good
performance, we repeated the main analysis while varying the number
of training subjects. We ran three iterations for each of four sample sizes
(6, 10, 20, and 40 subjects). On each iteration, we randomly drew the
corresponding number of training subjects from the overall subject pool
and calculated the IRR of the subsample as a manual benchmark. We
used the same cross-validation approach as above to test the JF-ASHS
model — training the model on all but one of JF’s segmentations in
the subsample, and then using that model to predict JF’s segmentation
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of the held-out scan.

In addition to this leave-one-scan-out approach, we performed an
even more stringent test of generalization by omitting all scans from one
participant from the training (some participants had more than one
scan). These leave-one-participant-out (LOPO) versions of the models
are “LOPO-CE-ASHS”, “LOPO-JF-ASHS”, and “LOPO-Infant-Trained-
ASHS”, respectively (see Table S1; Fig. S7). The automated segmenta-
tion of the left-out-participant scan generated from each ASHS model
was evaluated against both tracers’ manual segmentations of that same
left-out-participant scan, resulting in two Dice measurements.

2.12. Scan quality

Our scanning protocol involves lower-quality scans than typical
protocols because awake infants move and our head coil did not have the
anterior elements attached (see Ellis et al., 2020 for more details). To
assess scan quality, we computed signal-to-noise ratio (SNR) by aver-
aging the intensity of hippocampal voxels on a centroid axial slice and
dividing it by the standard deviation of the intensity of all non-brain
voxels contained within that same slice (Triantafyllou et al., 2005).

2.13. Volume bias

To further evaluate FreeSurfer and ASHS, we examined the bias
present in the set of automated segmentations from each algorithm
(Schlichting et al., 2019). Bland-Altman plots (Bland and Altman, 2007)
were used to quantify the extent to which the volume of the hippo-
campus was over- or under-estimated by these two algorithms. The
volumes of the manually segmented hippocampus from the two tracers
were averaged and the segmentations from each automated method
were used for comparison. For each participant, total hippocampal
volume was calculated by summing the manual volume (averaged across
tracers) with the corresponding automated volume:

CE + JF

Total Volume = AM + )

Where AM, CE, and JF denote the number of labeled hippocampal voxels
from an automated method and tracers CE and JF, respectively. This was
then plotted against the difference in hippocampal volume between the
automated method and the manual average:

CE +JF

Volume Difference = AM — 2

If an automated method has bias, then this would be reflected in
volume difference values above or below zero (i.e., over- or under-
estimation). Bias may vary with total volume, which would manifest
as a statistically significant relationship between volume and error (i.e.,
the model shows different bias across a range of hippocampal volumes).

2.14. Statistics

A non-parametric bootstrap resampling approach was used to
determine confidence intervals and statistical significance (Efron and
Tibshirani, 1986). For a given measure of interest, the values across
participants were first averaged. A sampling distribution of this test
statistic was estimated by sampling the same number of values at the
participant level with replacement 10,000 times and re-averaging on
each iteration. Confidence intervals were determined based on the
percentiles of this sampling distribution. Statistical significance was
determined by the proportion of iterations whose mean had the opposite
sign from the true effect, doubled to make the p-value two-tailed. A
similar bootstrap resampling procedure was used to evaluate correla-
tions, sampling participant-level bivariate data with replacement 10,
000 times and calculating the Pearson correlation on each iteration. The
p-value was calculated as the proportion of samples with a correlation
coefficient of the opposite sign from the true correlation, doubled to
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make the test two-tailed. Because sampling with replacement occurs at
the level of participants, the logic of this approach is that if an effect is
reliable across participants, which participants are sampled on a given
iteration should not matter and there will be low variance in the sam-
pling distribution around the true mean (Dwivedi et al., 2017). Hence,
bootstrap resampling tests the ‘replaceability’ of participants as a way to
evaluate reliability (Efron and Tibshirani, 1986). Regardless, these re-
sults generally hold if corresponding parametric versions are used.

3. Results
3.1. Inter-rater reliability

The average Dice between tracers across the 42 sessions was 0.57
(SD=0.07, range=0.43-0.70). The ICC between tracers was 0.61, below
the ideal level of 0.80 (Schlichting et al., 2019). These moderate IRR and
ICC values reflect the difficult nature of accurately segmenting infant
MRI data. Fig. 1 depicts an above-average-quality and
below-average-quality infant T1-weighted MRI scan in anatomical
space. Examining the above-average-quality scan, the tracers show high
agreement in both lateral slices (Fig. 1A) and medial slices (Fig. 1B). For
the below-average-quality scan, while the tracers show high agreement
on some slices (Fig. 1C), they do not show the same level of agreement
on others (Fig. 1D). The disagreement about placement of the hippo-
campal head arises from low contrast tissue in this scan and the ambi-
guity of the hippocampus/amygdala boundary in the presence of MRI
noise. Nevertheless, by traditional methods that treat manual segmen-
tation as the “gold standard”, the Dice IRR of 0.57 represents a rigorous
benchmark against which the four protocols below can be evaluated.
Specifically, the Dice IRR reflects the extent to which a given partici-
pant’s manual segmentation from one expert can be predicted from
another expert, which can be fairly compared against the prediction
made by each of the protocols.
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3.2. Repeat participants

Twelve participants were scanned in more than one session, allowing
Dice comparisons from the same participant within tracer (Fig. S2A).
Despite developmental changes in the intervening time (DeMaster et al.,
2014; Gilmore et al., 2012), this repeat analysis can serve as one proxy
for test-retest reliability. That is, it quantifies the degree to which the
tracer reproduces their traces when segmenting similar anatomy. The
average repeat Dice after nonlinear alignment to standard space was
0.60 for CE (SD=0.08, range=0.45-0.76) and 0.60 for JF (SD=0.07,
range=0.43-0.72). As a control, we calculated Dice between these
segmentations and segmentations from other participants matched in
age. The resulting average Dice was lower for both CE (Dice=0.51,
SD=0.07, range=0.28-0.63) and JF (Dice=0.47, SD=0.07,
range=0.28-0.60).

Ten participants contributed two anatomical scans in the same ses-
sion, allowing for within-tracer Dice comparisons between these two
scans. This eliminates the variable delay period of the previous repeat
analysis (multiple scans from the same infant across different sessions),
which may have been confounded by volumetric or other developmental
changes. The within-session repeat analysis served as a more direct
measure of test-retest reliability on the same anatomy. After nonlinear
alignment to standard space, the average Dice for these same-session
segmentations was 0.72 for CE (SD=0.03, range=0.67-0.75) and 0.79
for JF (SD=0.04, range=0.72-0.84). These test-retest reliability mea-
surements are substantially higher than our 0.57 metric of IRR, sug-
gesting that the two tracers are more similar to themselves than to each
other. However, these measurements were not at ceiling, indicating
subtle variability between the two scans in scanner noise, head position,
within-session alignment, and/or that the tracers were unable to apply
their segmentation protocol in a completely consistent way, given the
noisy data.

Fig. 1. Tracing an above-average-quality and
below-average-quality T1-weighted scan. The
traced outline of the hippocampus on all four
slices is shown in color (CE=blue, JF=purple,
overlap=pink). The top two slices (above-
average-quality) come from participant
$2307_1_1 (19.9 months) and had a Dice of
0.63. There is agreement between CE and JF in
(A) a lateral sagittal slice and (B) a middle
sagittal slice. The bottom two slices (below-
average-quality) come from participant
$6057_1_2 (7.6 months) and had a Dice of 0.51.
There is again agreement between CE and JF in
(C) a lateral sagittal slice, two slices after the
hippocampus first emerges in this sagittal view.
However, there is disagreement about the
placement of the hippocampal head in (D) a
middle sagittal slice.
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3.3. Average adult template analyses

An average adult template, constructed using the Harvard-Oxford
atlas, was evaluated in terms of how well it predicted the nonlinearly
aligned manual segmentations (Fig. 2). The average Dice between this
template and the infant hippocampal data of both tracers (CE:
Dice=0.42, SD=0.09, range=0.26-0.58; JF: Dice=0.47, SD=0.07,
range=0.30-0.60) was significantly lower than the manual IRR of 0.57
(CE: M=-0.15, CI=[-0.179, -0.115], p < 0.001; JF: M=-0.10, CI=
[-0.130, -0.074], p < 0.001). There were no significant correlations
between age and the success of the average adult template in predicting
segmentations from either tracer (Fig. S2B).

3.4. Average infant template analyses

We assessed an average infant template, constructed by aggregating
infant segmentations, in terms of how well it predicted the manual
hippocampal segmentations of a left-out session (Fig. 2). This average
infant template was able to adequately approximate the left-out infant
data from both tracers (CE: Dice=0.55, SD=0.07, range=0.36-0.67; JF:
Dice=0.51, SD=0.07, range=0.35-0.63). The metric for CE was only
marginally lower than manual IRR (M=-0.02, CI=[-0.048, 0.001],
p=0.064), though was significantly lower for JF (M=-0.06, CI=[-0.087,
-0.043], p<0.001). Age was positively correlated with the similarity to
these templates for one tracer but not the other (Fig. S2C). These results
suggest that nonlinear alignment methods allow for the construction of
an average infant template that comes close to approximating IRR.

3.5. FreeSurfer analyses

The first automated method we considered was FreeSurfer. Although
not designed to work with low grey/white matter contrast, we included
FreeSurfer because it is a popular method in adults (Fig. 2). Infant seg-
mentations from FreeSurfer did a reasonable job at predicting the
manual infant segmentations from both tracers (CE: Dice=0.55,
SD=0.13, range=0.03-0.71; JF: Dice=0.54, SD=0.12,
range=0.03-0.67). The metric from CE was similar to manual IRR (M=-
0.02, CI=[-0.060, 0.013], p=0.283), though was significantly lower for
JF (M=-0.04, CI=[-0.075, -0.007], p=0.013). The accuracy of Free-
Surfer prediction of manual segmentations from both tracers correlated
positively with participant age (Fig. S3A). Note that FreeSurfer
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completely misplaced the hippocampus in one participant, leading to a
Dice of 0.03 for both tracers (Table S3). Despite this outlier, FreeSurfer
provided accurate infant hippocampal segmentations that predicted
manual segmentations.

3.6. ASHS analyses

The second automated method we considered was ASHS. Adult-
Pretrained-ASHS was used as a baseline for ASHS performance
because it was not trained on any infant data and showed high accuracy
in predicting the manual segmentations from both tracers (Fig. S4). We
then trained several ASHS models on infant rather than adult data, with
the goal of further improving prediction by tailoring the model training
to the infant brain. In previous studies (Bender et al., 2018; Schlichting
et al., 2019; Yushkevich et al., 2015), ASHS could predict out-of-sample
child or adult segmentations from the tracer on which it was trained.
This may work in infants too if the scans contain consistent features
across participants. We thus first trained separate ASHS models for each
of the two expert tracers (CE-ASHS and JF-ASHS). Both models pro-
duced automated hippocampal segmentations that predicted a held-out
manual segmentation from the tracer on which they were trained
extremely well (Table S4; CE-ASHS predicting CE: Dice=0.73, SD=0.06,
range=0.59-0.82; JF-ASHS predicting JF: Dice=0.72, SD=0.06,
range=0.58-0.80). These metrics significantly exceeded IRR, an effect
found in every participant (CE-ASHS predicting CE: M=0.15, CI=
[0.137, 0.172], p<0.001; JF-ASHS predicting JF: M=0.14, CI=[0.129,
0.159], p<0.001). Segmentation accuracy for both models correlated
positively with participant age (Fig. S3C, D).

The ability of the models above to predict segmentations from the
same tracer may reflect idiosyncrasies of that tracer’s approach, a form
of overfitting. We thus applied these same models to segmentations from
the other tracer (to which the models were blind during training). This
provides as a more conservative test of how well the models generalize.
Both models were able to predict the other tracer’s manual segmenta-
tions (Table S4; JF-ASHS predicting CE: Dice=0.59, SD=0.07,
range=0.43-0.70; CE-ASHS predicting JF: Dice=0.58, SD=0.05,
range=0.46-0.65). These metrics were similar to manual IRR (JF-ASHS
predicting CE: M=0.01, CI=[-0.002, 0.030], p=0.088; CE-ASHS pre-
dicting JF: M=0.00, CI=[-0.008, 0.019], p=0.512). In addition, CE-
ASHS and JF-ASHS automated prediction of manual JF and CE hippo-
campal segmentations, respectively, correlated positively with

Fig. 2. Prediction of manual segmentations of
infant hippocampus by average templates,
FreeSurfer, and ASHS models. The manual in-
fant segmentations from CE and JF were non-
linearly aligned into standard space and
predicted from the average adult segmentation
(Average Adult Template) and the average of
segmentations from other infants (Average In-
fant Template). The manual infant segmenta-
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tions from CE and JF in subject space predicted
by an automated FreeSurfer segmentation
(FreeSurfer). The manual infant segmentations
from CE and JF in standard space predicted by
ASHS models trained on CE’s infant segmenta-
tions (CE-ASHS), JF’s infant segmentations (JF-
ASHS) and both CE and JF’s infant segmenta-
tions (Infant-Trained-ASHS). The height of the
colored bar indicates the average Dice for the
corresponding protocol, predicting the seg-
mentation by CE (blue) and JF (purple). Each
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participant age (Fig. S3C, D). Altogether, ASHS models trained on just
one tracer can generate segmentations that capture what is shared be-
tween tracers.

We further trained a combined infant ASHS model jointly on seg-
mentations from both tracers and tested it on held-out manual seg-
mentations from each tracer. This automated Infant-Trained-ASHS
model predicted manual infant segmentations quite well (Table S4;
predicting CE: Dice=0.67, SD=0.06, range=0.54-0.78; predicting JF:
Dice=0.67; SD=0.06, range=0.52-0.76) and better than IRR (CE:
M=0.10, CI=[0.086, 0.119], p<0.001; JF: M=0.10, CI=[0.090, 0.113],
p<0.001). Additionally, the accuracy of this model correlated positively
with participant age for both tracers (Fig. S3E). Of note, the ASHS model
trained with both tracers was less reliable than the single-tracer models
predicting the manual segmentations of the same tracer (Infant-Trained-
ASHS vs. CE-ASHS predicting CE: M=-0.05, CI=[-0.062, -0.041],
p<0.001; JF-ASHS predicting JF: M=-0.04, CI=[-0.052, -0.034],
p<0.001). However, the combined model significantly outperformed
single-tracer model predictions of the manual segmentations from the
other tracer (Infant-Trained-ASHS vs. JF-ASHS predicting CE: M=0.09,
CI=[0.080, 0.097], p<0.001; CE-ASHS predicting JF: M=0.10, CI=
[0.087, 0.107], p<0.001).

We sought to understand why the ASHS models trained on one tracer
could accurately predict segmentations from the other tracer, as well as
why the combined Infant-Trained-ASHS model better captured what
was shared between tracers. We examined the degree to which the
segmentations generated from these three models matched an optimal
representation of what was shared across tracers — an intersection of
the manual segmentations from CE and JF. This was considered optimal
because every voxel in the intersection is, by definition, guaranteed to
match between tracers, ensuring a maximally high IRR while still
maintaining a high within-tracer reliability. After calculating the
average Dice between these intersections and each tracer’s set of manual
segmentations (CE: Dice=0.74, SD=0.06, range=0.59-0.84; JF:
Dice=0.72, SD=0.07, range=0.57-0.84), an “optimal Dice” was created
by averaging across tracers (Dice=0.73, SD=0.06, range=0.60-0.82).
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ASHS models trained with one tracer’s data achieved 82% of the optimal
Dice (CE-ASHS: Dice=0.60, SD=0.06, range=0.48-0.70; JF-ASHS:
Dice=0.60, SD=0.09; range=0.43-0.74). The ASHS model trained on
both tracers achieved 88% of the optimal Dice (Dice=0.64, SD=0.09,
range=0.43-0.74).

All the analyses described above used either CE-ASHS and JF-ASHS
models that received 41 reference segmentations during training, or
Infant-Trained-ASHS models that received 82 such training segmenta-
tions. These large training sets may be impractical for real-world ap-
plications, especially those involving task-based, awake infant fMRI. We
thus ran analyses using various numbers of training segmentations to
investigate the effect of training set size on ASHS performance (Fig. 3).

Supplying ASHS with as few as 6 segmentations during training —
the minimum required to train an ASHS model — was sufficient for
accurate and reliable predictions that significantly exceeded IRR (Sub-
sample 1: M=0.10, CI=[0.056, 0.132], p<0.001; Subsample 2: M=0.10,
CI=[0.058, 0.134], p<0.001; Subsample 3: M=0.14, CI=[0.114, 0.163],
p<0.001). Put another way, ASHS models trained on 6 infant segmen-
tations achieved, on average, 94% of the Dice from models trained on 41
segmentations. These results are consistent with findings from adults:
Automatic Segmentation Adapter Tools (ASAT) trained on only a single
image can achieve 92% of the Dice from a model trained on 70 adult
images (Wang et al., 2011). Using ASAT with toddlers and as few as 10
training examples can also achieve a high degree of accuracy and reli-
ability (Lee et al., 2015).

3.7. SNR analyses

We investigated the relationship between SNR and metrics relevant
to our study to assess how scan quality modulates acceptable reliability
(Fig. S5). SNR was correlated with participant age (r=0.29, p=0.049),
marginally with IRR (r=0.28, p=0.059). We further investigated how
SNR related to the predictions made by Infant-Trained-ASHS and found
a significant positive correlation only for JF (CE: r=0.15, p=0.385; JF:
r=0.28, p=0.039). Although these findings suggest that there is a

Fig. 3. Effect of training set size on JF-ASHS
performance. Each blue dot represents the
average segmentation prediction accuracy for
one of three iterations with the number of
training segmentations labeled on the x-axis.
The dashed line represents the Dice average for
the fully trained JF-ASHS model predicting JF
(0.72). The green bars extending below each
dot indicate how much performance improved
over the subsample-specific IRR on average
across subjects. Black error bars reflect 95%
confidence intervals.
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relationship between scan quality and reliability, IRR and ASHS
remained in a fairly similar band of performance across the range of SNR
values, indicating that acceptable reliability can be attained in the face
of high noise. Whether our conclusions about the efficacy of ASHS
extend to high-quality anatomical protocols was not tested here. How-
ever, we have reason to believe they would apply given that an ASHS
model pretrained only on high-quality adult data also did well at seg-
menting the infant hippocampus (Fig. S4).

3.8. MTL analyses

We investigated whether the pattern of results observed with the
hippocampus would generalize to segmentations of the MTL cortex. The
average IRR across participants for MTL cortex, aligned to standard
space, was 0.52 (SD=0.09, range=0.32-0.70) and the ICC between
tracers was 0.18. A nonlinearly aligned infant template was able to
approximate IRR for both tracers (Fig. S6), similar to the hippocampus.
Given that no MTL cortex mask was available for use in the Harvard-
Oxford subcortical template (Makris et al., 2006), no MTL cortex ana-
lyses were able to be run with the average adult template. The CE-ASHS
and JF-ASHS models produced MTL segmentations that predicted
manual segmentations within and between tracers more reliably than
IRR (Fig. S6), with the Infant-Trained-ASHS model exceeding IRR for
both tracers as well (Fig. S6). These data validate ASHS as a general tool
for segmenting different regions throughout the infant brain. The
FreeSurfer reconstruction pipeline employed in this study (Iglesias et al.,
2015) had no MTL cortex segmentation available.

3.9. Volume bias

To further evaluate the efficacy of the automated methods, we
measured bias in hippocampal volume using Bland-Altman plots (Fig. 4;
Bland and Altman, 2007). These scatterplots display the total volume of
aregion against the difference in size of the regions between manual and
automatic segmentations. Bias can manifest in different ways: the model
may only be accurate for participants with a small hippocampus and
either under-estimate or over-estimate larger hippocampal volumes,
resulting in a negative or positive correlation, respectively. Or the model
may only be accurate for participants with a large hippocampus and
either under-estimate or over-estimate smaller hippocampal volumes,
resulting in a positive or negative correlation, respectively. If the auto-
mated model consistently over or under-estimates a region size, the
predictions will all be above or below zero, respectively.

FreeSurfer shows clear evidence of bias (Fig. 4A). The mean differ-
ence between FreeSurfer segmentations and the manual segmentations
of CE and JF (M=1881 voxels, CI=[1484, 2262], p<0.001) revealed that
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FreeSurfer considerably over-estimated hippocampal volume, as has
been shown previously (Schmidt et al., 2018; Schoemaker et al., 2016).
FreeSurfer also shows a greater bias for larger hippocampal volumes
(r=0.68, p<0.001). The ASHS segmentations also differed in overall
volume from the manual segmentations of CE and JF, with
under-estimation by CE-ASHS (Fig. 4B; M=-544 voxels, CI=[-728,
-3641, p<0.001), JF-ASHS (Fig. 4C; M=-174 voxels, CI=[-342, -5],
p=0.044), and Infant-Trained-ASHS (Fig. 4D; M=-463, CI=[-648, -279],
p<0.001). Each ASHS model produced modest negative correlations
(CE-ASHS: r=-0.39, p=0.013; JF-ASHS: r=-0.41, p=0.007;
Infant-Trained-ASHS:  r=-0.38, p=0.013), reflecting greater
under-estimation for larger hippocampal volumes. Together, these bias
data reveal notable differences between FreeSurfer and ASHS automated
protocols.

4. Discussion

We compared four methods for segmenting the hippocampus from
T1-weighted anatomical MRI scans in awake infants: average adult
template, average infant template, FreeSurfer (Iglesias et al., 2015), and
ASHS (Yushkevich et al., 2015). Each method depends on a library of
manual segmentations from other brains (adults or infants), combined in
different ways, to identify which voxels belong to the hippocampus in a
new scan, without needing manual segmentation. In this paper, we
conducted manual segmentation in order to evaluate the performance of
each method but given our results that may not be necessary in future
studies. Specifically, we quantified how well the segmentation from
each method predicted the corresponding manual segmentation using
Dice similarity. The manual segmentations also allowed us to create a
gold-standard benchmark based on IRR between the two tracers, against
which the Dice metrics for each method could be compared. FreeSurfer
generated moderately accurate segmentations approaching IRR, but this
came at the cost of a large bias to over-estimate hippocampal volume
and to lose accuracy for greater volumes. ASHS outperformed the other
methods in several ways, reliably predicting out-of-sample manual
segmentations, exceeding IRR of manual segmentations, generalizing
across tracers, and mostly avoiding strong bias. This indicates that
automated algorithms developed for adults can nevertheless provide
accurate and generalizable hippocampal segmentations in infants,
especially when trained on infants.

The results illustrate the challenge of hippocampal segmentation in
infants. Even though both tracers adhered to the same manual infant
hippocampal segmentation protocol (Gousias et al., 2012), IRR was only
moderate. The hippocampal head was particularly difficult to segment.
The anterior extent of the hippocampus was ambiguous with low signal
contrast, which led to inconsistency between the tracers. This is partly a
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Fig. 4. Calculating bias for each automated algorithm. Bland-Altman plots of volume difference estimation between manual segmentation and (A) FreeSurfer, (B) CE-
ASHS, (C) JF-ASHS, or (D) Infant-Trained-ASHS. For each bias plot, the x-axis represents the average volumes of the manually segmented hippocampus of the two
tracers summed with the automated volumes; the y-axis represents the difference between the automated and average manual volumes; the dashed axis lines

represent a volume difference of zero.
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consequence of collecting anatomical scans while infants are awake, and
the use of an anatomical sequence not optimized for hippocampal seg-
mentation (typical high-resolution turbo spin echo T2-weighted se-
quences present acoustic and specific absorption ratio risks to infants
and are even more motion-sensitive).

The ASHS models trained on one tracer’s data excelled both within
and across tracers. These models were trained in a leave-one-scan-out
fashion to predict the manual segmentations from the tracer used for
training and the tracer not used for training. In both tests and for both
tracers, these ASHS models either exceeded or were similar to the
manual IRR. Thus, ASHS trained on one tracer captures the idiosyn-
crasies of the data it was trained on without too much overfitting.
Moreover, the ASHS model trained on data from both tracers produced
segmentations that significantly outperformed IRR in predicting each
tracer and most closely approximated what was optimally shared across
tracers. We have publicly released this combined model and training
data to help the community, as it will be most likely to succeed when
applied to new infants and validated with new tracers.

ASHS was able to excel despite the noise in the infant scans because
of the model’s ability to label “noncontroversial” voxels as hippocam-
pus. This is built into the multi-atlas label fusion process in ASHS, which
ensures that each training sample is used to ‘vote’ on how a voxel should
be labeled, making sure that only high consensus voxels are labeled
(Yushkevich et al., 2015). The ASHS models in the present study
received 40+ manual segmentations of training data (whereas 20-30
are recommended), further helping ASHS form an accurate, reliable, and
robust model for infant hippocampal segmentation.

Several limitations of the present study need to be acknowledged.
Although ASHS proved successful, other methods have emerged in
recent years that ostensibly outperform ASHS (Zhu et al., 2019). We are
hopeful that our conclusions about generalization across tracers apply to
those methods, but testing relative to IRR will be necessary. Moreover,
our current approach consisted of a single automated segmentation al-
gorithm. Future research is therefore needed to assess whether imple-
menting a post-processing, machine learning-based correction method
(e.g., AdaBoost) can improve the reported accuracy and reliability of
ASHS. Another important consideration is that we evaluated methods
with data from one, relatively impoverished MRI sequence not designed
for hippocampal segmentation — short, quiet T1-weighted PETRA scans
from awake infants. This was reasonable given our goal to assess which
methods would work best for such data, as this is by far the anatomical
sequence with the highest success rate in our awake infant studies (Ellis
et al., 2020). Future research will be needed to verify whether our
findings apply to other sequences (e.g., T2-weighted MRI data from
sleeping infants). That said, the ability of ASHS pre-trained with data
from adults aged 55+ to accurately predict manual segmentations of the
infant hippocampus suggests that differences in quality might not affect
ASHS training severely. Finally, given that the two tracers of this study
segmented the whole infant hippocampus, the efficacy of ASHS for
segmenting subfields with infant data was not assessed. This will be an
important task for future research but awaits a clearer consensus in the
field about anatomical landmarks for infant subfields. Such consensus in
adults is what unleashed and enabled the rapid growth of structural and
functional imaging of human hippocampus in recent years.

In conclusion, this study demonstrated the potential for automated
algorithms to rival or replace expert tracers for hippocampal segmen-
tation in infants. Although a nonlinearly aligned infant template and
FreeSurfer modestly approached the IRR average, we present the first
evidence that ASHS generates infant hippocampal segmentations that
exceed IRR. Although other studies have shown the success of auto-
mated hippocampal segmentation in adults (Yushkevich et al., 2015),
children (Schlichting et al., 2019), and infants (Guo et al., 2015; Zhu
et al., 2019), this study is the first, to our knowledge, to show that
automated methods for segmenting infant hippocampus can generalize
across tracers and can work for scans collected in awake infants. As
task-based, awake infant fMRI becomes more prevalent (Ellis et al.,
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2020, 2021a—c; Yates et al., 2022), there will be increasing need for
protocols that produce accurate and reliable segmentations of the infant
hippocampus from noisy data. Automated methods make it possible to
accelerate and improve the study of the developing hippocampus.
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