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A B S T R A C T

Recently, a group of major international experts have completed a comprehensive effort to efficiently define a

harmonized protocol for manual hippocampal segmentation that is optimized for Alzheimer's research (known as

the EADC-ADNI Harmonized Protocol (the HarP)). This study compares the HarP with one of the widely used

hippocampal segmentation protocols (Pruessner, 2000), based on a single automatic segmentation method

trained separately with libraries made from each manual segmentation protocol. The automatic segmentation

conformity with the corresponding manual segmentation and the ability to capture Alzheimer's disease related

hippocampal atrophy on large datasets are measured to compare the manual protocols. In addition to the pos-

sibility of harmonizing different procedures of hippocampal segmentation, our results show that using the HarP,

the automatic segmentation conformity with manual segmentation is also preserved (Dice's κ 0:88; κ 0:87 for

Pruessner and HarP respectively (p 0.726 for common training library)). Furthermore, the results show that the

HarP can capture the Alzheimer's disease related hippocampal volume differences in large datasets. The HarP-

derived segmentation shows large effect size (Cohen's d 1.5883) in separating Alzheimer's Disease patients

versus normal controls (AD:NC) and medium effect size (Cohen's d 0.5747) in separating stable versus pro-

gressive Mild Cognitively Impaired patients (sMCI:pMCI). Furthermore, the area under the ROC curve for a LDA

classifier trained based on age, sex and HarP-derived hippocampal volume is 0.8858 for AD:NC, and for 0.6677

sMCI:pMCI. These results show that the harmonized protocol-derived labels can be widely used in clinic and

research, as a sensitive and accurate way of delineating the hippocampus.

1. Introduction

Structural Magnetic Resonance Image (MRI)-derived estimates of

hippocampal atrophy are considered one of the key supportive imaging

markers for diagnosis of Alzheimer's Dementia (AD) (Dubois et al., 2007).

Since manual delineation of the structure is a laborious, time consuming

task, numerous methods have been developed to automatically and

accurately segment the hippocampus (HC) (Chupin et al., 2007; Coup!e

et al., 2011; Collins and Pruessner, 2010). Manual segmentation is

considered the gold standard, and automatic segmentation methods try

to get as close as possible to the manual delineation (Dill et al., 2015).

However, there are many different protocols for manual segmentation

(Boccardi et al., 2011) that are based on different anatomical landmarks,

and these can result in up to a two-fold difference in the volume of the

hippocampus depending on the chosen protocol. Due to these differ-

ences, a fair comparison among different automatic segmentation

methods that are based on different gold standards is virtually impossible

(Frisoni and Jack, 2011).
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Recently, a group of major international experts on hippocampal

segmentation have united to address the difficulties that arise from the

lack of a standardized hippocampal segmentation protocol (Frisoni and

Jack, 2011). The European Alzheimer's Disease Consortium (EADC), in

collaboration with the Alzheimer's Disease Neuroimaging Initiative

(ADNI), have completed a comprehensive effort to efficiently define a

harmonized protocol for hippocampal segmentation that is optimized for

Alzheimer's research, known as the EADC-ADNI Harmonized Hippo-

campal Protocol (the HarP). To initiate work on HarP, the most cited

protocols in the literature were surveyed (Boccardi et al., 2011) and their

authors were asked to certify the anatomic landmarks on one patient with

Alzheimer's dementia and one normal control subject. These numerous

landmark differences were then summarized into a well-defined number

of assessable units (so called difference units). As the third step, the

difference units are given to a panel of hippocampus experts to carry out

an evidence-based Delphi procedure facilitating a consensual definition

of the protocol. In addition to the actual segmentation units and their 3D

renderings, the Delphi panelist were presented with the unit volume

relative to total hippocampal volume, ICC of intra- and inter-rater reli-

ability in the segmentation of each unit, and percent tissue reduction in

mild cognitive impairment (MCI) and AD compared with controls.

Therefore, the final protocol encompasses the hippocampal sub-units that

are more sensitive to the AD-related pathology. Finally, a small group of

tracers segmented a set of benchmark images based on the Harmonized

protocol (Boccardi et al., 2013).

It has been shown that using the harmonized protocol significantly

increases intra-rater consistency compared to the individual local pro-

tocols (Frisoni et al., 2015). Furthermore, the hippocampus volume when

segmented with the HarP is found to be highly correlated with Braak and

Braak staging in AD, tau, Aβ burden, and neuronal count, which dem-

onstrates that the HarP successfully captured AD-related pathologies

(Apostolova et al., 2015). The resulting HarP is expected to become the

standard segmentation method for hippocampal volumetry in diagnostic

studies, clinical trials, and algorithm validation efforts (Boccardi et al.,

2011; Frisoni and Jack, 2011; Jack et al., 2011). However, considering

the recency of the HarP, there is a need for validation studies. Impor-

tantly, the ability of the HarP labels to capture AD-related atrophy pat-

terns needs to be further validated in a large cohort of subjects.

In this study, our goal is to demonstrate that the manual HarP pro-

tocol labels can be used to achieve automatic segmentations with accu-

racies at least as good as previously published techniques. We therefore

compare HarP-based automatic hippocampal segmentations with auto-

matic segmentations based on the Pruessner protocol (Pruessner, 2000)

since the latter is widely used, widely cited and is among those protocols

surveyed in designing the HarP (Boccardi et al., 2011). It has been pre-

viously shown that the automatic segmentation methods based on

Pruessner protocol show promising performance when applied in AD

populations (Collins and Pruessner, 2010; Pipitone et al., 2014; Zandifar

et al, 2014, 2017). Furthermore, we had access to a reliable dataset of

manual segmentations of hippocampus from ADNI data using both

protocols.

This study consists of two experiments. Given that the HarP label

volumes were manually delineated on 2D coronal slices and then stacked

together in 3D, it is not clear if slice-to-slice inconsistencies will adversely

affect automatic segmentation. Our primary goal in this study is to test if

HARP labels can be used to achieve consistent, robust and accurate

automatic segmentation of the HC. Therefore, in our first experiment, we

evaluate the accuracy of our automatic hippocampus segmentation

method (Zandifar et al., 2017; Fonov et al., 2011), using the two different

labeling strategies (the HarP and Pruessner) as template libraries, using a

leave-one-out cross validation strategy. The automatic segmentation

method used in the study is one of the most accurate multi-label seg-

mentationmethods in the field (Zandifar et al., 2017). Our previous study

shows that the method shows high similarity with the manual training

library (κ values of 0.887 and 0.885 for left and right respectively)

(Zandifar et al., 2017). In this method, the target image is non-linearly

registered to the templates, and the corresponding label is assigned

using non-local patch-based label fusion (Fonov et al., 2011). The label of

the similar patches from the training library is weighted based on their

intensity-wise similarity to the target patch to define the label for the

central voxel of a target patch (Fonov et al., 2011). In this experiment, the

automatic segmentation will be used as a surrogate to show the accuracy,

consistency and similarity in the manual training libraries. Furthermore,

since the goal of HarP was to arrive at a segmentation protocol that

maximizes the NC:AD difference, our second goal is to demonstrate that

automatic segmentations using HarP labels yielded a NC:AD difference

that was at least as big as our previously-known accurate segmentation.

Manual segmentations based on the two protocols are available only on a

relatively small dataset making it difficult to accurately estimate the

NC:AD difference. A direct comprehensive comparison of hundreds of

manually segmented datasets is not feasible. Therefore, as a proxy of

manual segmentation, in the second experiment, all ADNI-1 1.5T MRIs

are segmented using our automatic library-based segmentation method

twice; once using a HarP-based training library and once using the

Pruessner protocol-based training library, using both common and

different datasets to train the method. We then compare their effect size

(Cohen's d) and area under the receiver operator curve (ROC) to differ-

entiate patients with Alzheimer's from age and sex-matched normal

controls. We also compare HarP-based segmentations with Pruessner

protocol-based segmentations to differentiate subjects with progressive

mild cognitive impairment (pMCI) with stable mild cognitive impairment

(sMCI).

2. Methods

2.1. Datasets

Data used in the preparation of this article were obtained from the

Alzheimer's Disease Neuroimaging Initiative (ADNI) database (adni.loni.

usc.edu). The ADNI was launched in 2003 as a public-private partner-

ship. The project is the result of efforts of many co-investigators from a

broad range of academic institutions and private corporations led by

Michael W. Weiner, MD as principal investigator. The primary goal of

ADNI has been to test whether serial magnetic resonance imaging (MRI),

positron emission tomography (PET), other biological markers, and

clinical and neuropsychological assessments can be combined to measure

the progression of mild cognitive impairment (MCI) and early Alz-

heimer's disease (AD) (For up-to-date information visit http://www.adni-

info.org/).

To validate the segmentation accuracy for the two hippocampal

segmentation protocols in the first experiment, we used three different

subsets of images from ADNI data. The first subset consists of 60 ADNI-1

baselines 1.5 T images. The PI of the Pruessner protocol provided expert

hippocampal labels (Pipitone et al., 2014). The dataset contains equal

number of subjects in three clinical group (NC (n¼ 20), MCI (n¼ 20),

and AD (n¼ 20)), and the different groups were comparable in terms of

age, sex and median years of education (see Table 1). Hereafter, we refer

to this dataset (MRI volumes and manual labels) as the Pruessner-60

dataset. The second subset contains 100MR images selected by the

EADC-ADNI group from both ADNI-1 and ADNI-2 study (Boccardi et al.,

2015). The images were selected from both 1.5 T and 3T scans, and

balanced by magnet field strength, scanner manufacturer, diagnosis,

qualitative medial temporal atrophy (MTA) severity, sex and age ranges

(Boccardi et al., 2015). Hereafter, we refer to this dataset as the HarP-100

dataset. The third subset consists of 13 MRI volumes that were common

to both the Pruessner and HarP datasets, thus enabling a direct com-

parison between the two segmentation protocols. These will be named

the Pruessner-13 and Harp-13. The demographic information for the

Pruessner-60 and HarP-100 datasets can be found in Table 1.

In the second experiment, the automatic segmentation methods using

(i) the Pruessner-60 training library and (ii) the HarP-100 protocol

training library are tested over all baseline 1.5 T datasets from the ADNI-
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1 study (see Table 2). The ADNI-1 1.5T dataset is labeled based on

clinical state of the subjects as identified in 2011. Patients with Alz-

heimer's dementia were labeled as the AD group. The MCI subjects who

maintained their clinical state after 3 years were labeled as stable MCI

(sMCI), while the subjects who progressed to dementia within 3y after

the baseline scan received the progressive MCI (pMCI) label. Finally, the

cognitively healthy subjects were labeled as normal controls (NC). The

demographic information of each group can be found in Table 2. Since

the second experiment outcome may be affected by the test dataset ex-

amples, we used an identical cohort to test both segmentation protocols.

In addition, the test dataset for the second experiment is further refined

so as not to include subjects from either the HarP-100 or the Pruessner-60

library, nor the preprocessing failures (4 failures). The detailed descrip-

tion of the final test dataset used for the second experiment can be found

in the result section (Table 3).

2.2. Preprocessing and manual delineation

The Pruessner-60 and Pruessner-13 datasets went through a pre-

processing pipeline before manual delineation (Pipitone et al., 2014);

including denoising (Coupe et al., 2008), N3 inhomogeneity correction

(Sled et al., 1998), linear intensity normalization based on histogram

matching between the image and the average template, and affine

registration to ICBM152 template space with 1" 1 x 1mm3 resolution

(Collins et al., 1994). After preprocessing, all images were coarsely

aligned, and image intensities were normalized within each image and

among the whole database (Fonov et al., 2011; Coup!e et al., 2012;

Zandifar et al., 2017). The images then went throughmanual delineation.

Inter-rater reliability was 0.94 for right HC and 0.86 for left HC.

Intra-rater reliability was 0.91 for right HC and 0.94 for left HC for

manual labels (Pruessner, 2000).

On the HarP-100 and HarP-13 datasets, a single preprocessing step of

rigid registration was applied to align the images along the AC-PC line

before manual delineation (Boccardi et al., 2015). The HarP manual

segmentation protocol was applied on 2D coronal slices using Multi-

Tracer 1.0.2 The Intra-class Correlation Coefficient (ICC) values across

five raters were 0.97 for left HC and 0.99 for right HC. A complete

overview of the manual segmentation steps can be found in (Boccardi

et al., 2015). For sake of harmonization in the comparison process, the

HarP dataset images were passed through the same preprocessing pipe-

line as the Pruessner dataset images after manual delineation, and the

resulting transformation is applied on the manual labels with nearest

neighbor resampling to keep all processing in the same space.

2.3. Automatic segmentation method

To address the time-requirements and inter- and intra-observer

variability associated with manual segmentation, we used our auto-

matic hippocampus segmentation method (Zandifar et al, 2014, 2017;

Fonov et al., 2011) to estimate the volume of the hippocampus in all

subjects. The multi-atlas segmentation procedure uses a

population-specific atlas with patch-based label fusion to automatically

label the hippocampus in T1-weighted MRI volumes (Zandifar et al.,

2017; Fonov et al., 2011; Coup!e et al., 2012). The procedure requires a

library of MRI templates and their associated hippocampal labels. Here,

four sets of labels are used – one from HarP-100 and one from

Pruessner-60, also from both HarP-13 and Pruessner-13. Each new

dataset to be segmented is subjected to the preprocessing described

above. Afterwards, it is nonlinearly warped to the average template space

and the patch-based segmentation algorithm is applied in the template

space. This segmentation method has been shown to have Dice's κ as high

as 0.887, showing significant overlap with manual segmentation (Zan-

difar et al., 2017).

3. Metrics

3.1. Dice's κ metric

Volumetric overlap between the automatic segmentation method and

manual segmentation is measured using the Dice's Kappa similarity index

(Zijdenbos et al., 1994), which is computed as follows:

κ ¼ 2 "
VðMÞ \ VðAÞ

VðMÞ þ VðAÞ

where V(.) is the volume operator, and M and A represent a set of

manually and automatically labeled voxels respectively. The value of κ

varies between 0 and 1, where 1 indicates the complete overlap labels.

The Dice's κ similarity metric is computed comparing each automated

segmentation method with the manual segmentation for both left and

right hippocampi. For automatic segmentation, we used Leave One Out

(LOO) cross-validation technique. That is, to segment one subject of the

Table 1

Dataset information. NC: normal controls; MCI: mild cognitive impairment; AD: Alzheimer's disease; MMSE: Mini-Mental State Examination.

Diagnostic group Pruessner-60 Dataset HarP-100 Dataset

NC MCI AD Combined NC MCI AD Combined

Number 20 20 20 60 30 32 38 100

Median Age at Baseline 75.5 75.6 74.9 75.2 73.4 73.9 72.1 73.4

Sex: Female (%) 50 50 50 50 43 41 47 44

Median Education (yrs) 16.0 16.0 15.5 16.0 18.0 16.0 16.0 16.0

Median MMSE score 29.5 27.5 23.0 27.0 29.0 28.0 23.0 27.0

Table 2

ADNI Dataset information. NC: normal controls; MCI: mild cognitive impairment;

AD: Alzheimer's disease; MMSE: Mini-Mental State Examination.

Diagnostic group NC sMCI pMCI AD Combined

Number 231 240 168 199 838

Median age at baseline (yrs) 75.93 75.68 75.14 76.04 75.63

Sex: Female (%) 48 33 39 49 42

Median Education (yrs) 16.0 16.0 15.0 16.0 16.0

Median MMSE score 29.0 27.5 26.0 23.0 27.0

Table 3

Dataset information for experiment 2. NC: normal control; sMCI: stable mild

cognitive impairment; pMCI: progressive mild cognitive impairment; AD: Alz-

heimer's disease; MMSE: Mini-Mental State Examination.

Diagnostic group NC sMCI pMCI AD Combined

Number 189 213 144 152 698

Median age at baseline 76.05 74.93 74.72 76.05 75.52

Sex: Female (%) 47 32 37 49 41

Median Education (yrs) 16.0 16.0 16.0 14.0 16.0

Median MMSE score 29.0 27.0 26.0 23.0 27.0

2 http://www.bmap.ucla.edu/portfolio/software/MultiTracer/.
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training library, it is removed from the training set and the remaining

subjects are used in the patch-based multi-atlas automatic segmentation

process. The automatic segmentation is then compared to the manual

segmentation for that subject. This process is repeated for all subjects of

the training library.

3.2. Intra-class correlation (ICC)

We used the regression coefficient and the Intra-class Correlation

Coefficient (ICC) to show the similarities between automatically and

manually segmented volumes (Shrout and Fleiss, 1979). The automatic

labels are derived using LOO cross validation as explained in the last

subsection.

3.3. Cohen's d effect size

To investigate the sensitivity of each method in detecting between-

group differences in a clinical setting, we computed the Cohen's d ef-

fect size based on the hippocampal volumes derived by automatic seg-

mentation trained with each manual segmentation protocol. The Cohen's

d effect size measures the distance between two normal distributions:

Cohen
'
s d ¼

m1 m2

SDpooled

SDpooled ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

SD
2

1
þ SD

2

2

2

s

where m, and SD are the mean and standard deviation, respectively.

Based on a conventional operational definition of Cohen's d, small, me-

dium and large effect sizes are defined as d < 0.5, 0.5 d < 0.8, and d >

0.8, respectively.

3.4. Receiver Operating Characteristic (ROC) curve

We further trained and tested a Linear Discriminant Analysis (LDA)

classifier to classify the subjects to different groups. We used a simple

linear classifier in two different classification tasks. The first task is the

classification of subjects to either AD or NC group, and the second task is

to classify the subjects between sMCI and pMCI. For this problem, we fed

the classifier with mean hippocampal volumes (averaged over left and

right hippocampi) along with age and sex as features. We used the scikit-

learn (Pedregosa et al., 2011) implementation of LDA, and all hyper

parameters were set to their default values. The classification task was

evaluated on ROC curves. We used a leave-one-out (LOO) strategy during

classification validation to evaluate the performance using both the

Pruessner-60 and HarP-100 template libraries.

3.5. Statistical analyses

All the statistical analyses are done using the R computing language

(RStudio version 1.0.136). For the first experiment, we used two-way

repeated ANOVA followed by a Wilcoxon test to compare the Dice dis-

tribution for each protocol-based segmentation. When comparing the

absolute value of volume differences between manual and automatic

segmentation for the protocols, a Wilcoxon test is used as well. In the

second experiment, the distributions driven by the boot strapped repli-

cates of the effect sizes are compared using a t-test, while classification

performances are compared using the χ
2 Mc-Nemar test.

4. Results

4.1. First experiment

Segmentation accuracy was evaluated with a leave-one-out strategy

using the Pruessner-13 and HarP-13 template libraries (Fig. 1, left panel).

The Pruessner-13 library yields a median Dice coefficient (standard de-

viation) of 0.877 (0.039), and 0.867 (0.030) for left and right respec-

tively. The HarP-13 library yields 0.862 (0.017) and 0.865 (0.014) for

left and right hemispheres. A two-way repeated ANOVA (with the

hemisphere and protocol as independent variables) shows that there are

no significant differences between hemispheres or protocols

(p value ¼ 0:726 ; 0:256 for protocols and hemispheres respectively).

We also compared the segmentation accuracy using LOO cross-

validation technique using the full manual tracing libraries available

(HarP-100 and Pruessner-60). The results show that both the methods

show better performance with larger manual training library.

Fig. 1 (right panel) shows that the Pruessner protocol shows median

Dice's coefficient (standard deviation) of 0.8885 (0.0218), and 0.8878

(0.0221) for left and right respectively, and these values for the HarP are

0.8748 (0.0201) and 0.8744 (0.0232). The differences between auto-

matic and manual segmentation for each protocol qualitatively is shown

for the best and the worst kappa values in the supplementary materials.

4.2. Volumetric correlation

The volumetric correlation between manual and automatic labels is

measured using the ICCmetric. We consider the raters (i.e. automatic and

manual segmentations) as a fixed effect. The ICC values for left and right

for HarP-100 protocol are the same at 0.96, while these values are 0.97

and 0.96 for Pruessner-60, respectively (Fig. 2). A Wilcoxon test shows

that the difference in HC volume measured by automatic and manual

segmentation is not significantly different between the methods

(W ¼ 2031; p value ¼ 0:226; W ¼ 2140; p value ¼ 0:251 for

left and right respectively).

4.3. Second experiment

In this experiment, we applied our automatic segmentation method

on a large dataset of subjects (n¼ 838, Table 2) to compare the HarP-100

and Pruessner-60 template libraries in terms of their ability to capture the

hippocampal atrophic pattern due to AD. We measured the distance

between different AD clinical stages (i.e. AD:NC and sMCI:pMCI) using

Cohen's d to measure the effect size, and the area under the ROC curve

(AUC) derived from a classification task for the same problem.

4.4. Test dataset selection

We limited our analysis to ADNI-1 1.5T datasets for which both

segmentation procedures ran successfully and excluded the datasets from

the segmentation libraries (i.e., from the HarP-100 or Pruessner-60

datasets). The final number of 698 subjects was arrived at by using 838

ADNI-1 datasets and subtracting the 89 ADNI-1 subjects that were found

in the HarP-100 template library, as well as the 60 ADNI-1 subjects that

were in the Pruessner-60 template library and finally 4 pipeline failures.

The dataset with 698 subjects consisted of 152 AD patients with Alz-

heimer's disease, 144 pMCI, 213 sMCI and 189 normal controls. De-

mographic information is shown in Table 3.

4.5. Hippocampal volume as an AD biomarker: effect size

To compute effect sizes, hippocampal volumes were corrected for age

and sex using a method specifically designed for dementia and neuro-

degenerative studies (Dukart et al., 2011). The method trains a linear

model only based on the healthy controls to regress out the effect of

confounding factors such as age while keeping degeneration-induced

atrophy. We followed the same strategy; with age as the linear term

and sex as the offset coefficient. 200 bootstrapped replicates were used to

obtain a more robust estimation of the effect size. The mean effect sizes

(standard deviation) for AD:NC were 1.5883 (0.1450), and 1.5685

(0.1479) for the labels segmentated based on HarP-100 and Pruessner-60
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template libraries respectively, while these values for sMCI:pMCI were

0.5747 (0.1026), and 0.5572 (0.1126). A pairwise t-test showed that

there is no significant difference in effect size between the two hippo-

campal segmentation protocols (p value ¼ 0:849; 0:810 for AD:NC and

sMCI:pMCI respectively). Therefore, both Pruessner-60 and HarP-100

libraries show large effect size for AD:NC, and medium effect size for

sMCI:pMCI.

4.6. Hippocampal volume as an AD biomarker: ROC curve

Fig. 3 shows the ROC curve for AD:NC and sMCI:pMCI experiments.

The area under the curve (AUC) for AD:NC experiment is 0.8858 and

0.8846, for HarP-100 and Pruessner-60 template libraries, respectively,

while for sMCI:pMCI these values are 0.6677 and 0.6662. A McNemar

test shows no significant difference between Pruessner-60 and HarP-100

libraries (½χ2 ¼ 0; p value ¼ 1(; ½χ2 ¼ 0; p value ¼ 1 for AD:NC and

sMCI:pMCI respectively). The experiment was also performed using left

and right hippocampal volume as separate features, where no significant

differences in the classification performance observed.

5. Discussion

Dice's κ metric is a measure of volumetric overlap, which demon-

strates how well the automatic segmentation aligns with its corre-

spondingmanual segmentation. Our nonlinear patch-based segmentation

is highly accurate in terms of volumetric overlap with the training library

(Zandifar et al., 2017). In this study, the methods trained by both

Pruessner and HarP training libraries showed high concordance with

corresponding manual segmentations (see Figs. 1 and 2). The κ values are

among the highest reported in the field (Dill et al., 2015; Zandifar et al.,

2017). Since the automatic segmentation for each subject is done based

on the rest of the training library, high volumetric overlap between each

subject's automatic segmentation and its corresponding manual label

shows the consistency of the training labels across the population. As

expected, the κ values using the full training libraries are higher than

those using the Pruessner-13 or Harp-13, presumably because there are

more templates to choose from during template selection, thus better

representing the anatomical variability of the population. The segmen-

tation procedure using the Pruessner-60 protocol shows higher κ values

in comparison with HarP-100 segmentations, however it is difficult to

interpret this difference because the two training libraries have different

subjects (other than the 13 in common). We note, however, that the

Pruessner manual library is traced in 3D, while HarP training labels are

delineated by the experts in 2D coronal images, and these were stacked

together to form a 3D volume (Boccardi et al., 2015). This last step may

impose some noise or jitter to the resulting reconstructed 3D labels which

Fig. 1. Kappa distribution for left and right hippocampi. Left panel - segmentations based on HarP-13 (red) and Pruessner-13 (blue). Right panel - segmentations based

on HarP-100 (red) and Pruessner-60 (blue).

Fig. 2. Volumetric correlation of hippocampal segmentation and corresponding

manual labeling. Dashed lines represent the unity line. From top to bottom,

HarP-100 and Pruessner-60 template library segmentations. Volumes are re-

ported in cubic centimeters.
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were used in our experiment and may be a source of inconsistency in the

HarP manual labels. This said, the correlation between volumes derived

by automatic segmentation with either protocol is high (ICC ffi 0:96),

and there is no significant difference between either method.

We compared Cohen's d effect size as a measure of how well each

protocol can capture the AD-related pathologies. The larger the effect size

between patient and normal groups, the better the protocol is in terms of

capturing the AD-related hippocampal atrophy. We ran experiments on a

large set of subjects from ADNI data two estimate the effect size between

AD and normal controls, and stable MCI versus progressive MCI group.

The results show that HarP-100 and Pruessner-60 template libraries are

not statistically different from each other in their capacity to capture AD

related pathology, and both methods reached a high effect size for AD:NC

and medium effect size for sMCI:pMCI experiment.

We further ran a similar experiment to investigate the different pat-

terns on a single-subject basis, rather than between group differences. We

trained a classifier for both diagnosis (AD:NC) and prognosis

(sMCI:pMCI) studies with performance measured by ROC curves. A post-

hoc McNemar test shows that there is no significant difference between

the methods in either experiment.

Eventually, considering the power of the HarP in capturing AD-

related pathologies and harmonizing hippocampal segmentation pro-

cedure, it is suggested to approach hippocampal segmentation using a

protocol similar to the HarP. The HarP is certified by the experts in the

field, making the protocol a reliable alternative for other similar ap-

proaches such as the Pruessner protocol. Moreover, since our previous

work (Zandifar et al., 2017) showed that the error correction technique

presented in (Wang et al., 2011) could improve the results of automatic

segmentation, we suggest that different automatic segmentation pro-

cedures may benefit from a similar post-hoc correction procedure to

make the segmentations closer to the HarP and thus more comparable

with all the different groups who accepted to use the HarP as a reliable

hippocampal segmentation protocol.

Our study is not without limitations. We used pre-existing labels for

both Harp and Pruessner template libraries. Although all datasets were

taken from the ADNI study and have the same age range and followed the

same acquisition protocols, only 13 subjects were common to both the

HarP and Pruessner template libraries. While this enabled us to make a

direct comparison between protocols, the relatively small number of

subjects somewhat limits our power to detect any difference and

increases our chances of a Type 2 error. In addition, different raters

traced the two sets, and the tracing interface differed. These factors might

have partially affected the results of the study. However, considering that

manual segmentation is a laborious time-consuming task, we could not

justify re-segmenting a new set of templates from the ADNI study using

both protocols when we had access to labels already created by experts in

hippocampal manual segmentation using the HarP and Pruessner

protocols.

6. Conclusion

We conclude that the HarP shows promising results when used on a

large multi-site multi-scanner dataset. Automatic segmentation confor-

mity with manual segmentation is preserved, while offering the possi-

bility to harmonize different procedures of hippocampal segmentation

and compare them based on a unique set of labeling. Furthermore, HarP-

derived segmentations show high effect size in separating AD:NC and

medium effect-size in separating sMCI:pMCI. These results show that the

harmonized protocol-derived labels can be widely used in clinic and

research, as a sensitive and accurate way of delineating the hippocampus.

Furthermore, considering the experts' consensual support of the HarP, we

suggest using the HarP for hippocampal segmentation in future studies.
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