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Early detection of Alzheimer’s disease (AD) is important for timely interventions and developing new treatments.
Hippocampus atrophy is an early biomarker of AD. The hippocampal parenchymal fraction (HPF) is a promising
measure of hippocampal structural integrity computed from structural MRI. It is important to characterize the
dependence of HPF on covariates such as age and sex in the normal population to enhance its utility as a disease
biomarker. We measured the HPF in 4239 structural MRI scans from 340 cognitively normal (CN) subjects aged
59-89 years from the AD Neuroimaging Initiative database, and studied its dependence on age, sex, apolipoprotein E (APOE) genotype, brain hemisphere, intracranial volume (ICV), and education using a linear mixedeﬀects model. In this CN cohort, HPF was inversely associated with ICV; was greater on the right hemisphere
compared to left in both sexes with the degree of right > left asymmetry being slightly more pronounced in men;
declined quadratically with age and faster in APOE ϵ4 carriers compared to non-carriers; and was signiﬁcantly
associated with cognitive ability. Consideration of HPF as an AD biomarker should be in conjunction with other
subject attributes that are shown in this research to inﬂuence HPF levels in CN older individuals.

1. Introduction
Hippocampus (HC) atrophy is a well-established imaging predictor
of incipient Alzheimer’s disease (AD) in patients with mild cognitive
impairment (MCI) (Jack et al., 1999). Recently, a multi-center study
conducted in 17 European memory clinics showed that, in patients
under clinical evaluation for cognitive impairment, addition of quantitative bilateral HC volumetry to the traditional diagnostic workup had
a measurable impact on the diagnostic conﬁdence of AD pathology
(Bosco et al., 2017).
The most direct method for characterizing HC atrophy on MRI is by
manually tracing its boundary on high-resolution structural MRI scans
using specialized software (Convit et al., 1997; Jack et al., 1998; Konrad
et al., 2009; Nestor et al., 2013). Unfortunately, manual measurement is
tedious, requires extensive operator training, and tracing protocols vary
signiﬁcantly across laboratories. Added to these diﬃculties are ﬁndings
of possible visual perceptive bias whereby estimated volumes depend

on the orientation of the image as presented to a human rater (Maltbie
et al., 2012; Rogers et al., 2012). These issues all but rule out using
manual measurement of HC volume as a viable approach to routine
clinical assessment of HC structural integrity.
While excellent progress has been made towards development of
automated MRI-based algorithms for HC segmentation (Cardoso et al.,
2013; Chupin et al., 2009; Collins and Pruessner, 2010; Coupe et al.,
2010; 2011; Dill et al., 2015; Fischl et al., 2002; Hu et al., 2011; Morra
et al., 2008; Nestor et al., 2013; Zhou and Rajapakse, 2005), these
methods are less robust compared to manual measurements
(Mulder et al., 2014), can be computationally expensive (Fischl et al.,
2002), and often require extensive preprocessing of the MRI scans
(inhomogeneity correction, distortion correction, etc.) and technical
operator expertise (Morra et al., 2008).
Early in the development of neuroimaging biomarkers of HC
atrophy in AD, de Leon et al. (1993) recognized the value of examining
the accumulation of cerebrospinal ﬂuid (CSF) in the perihippocampal
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ﬁssures along the axis of the HC formation in CT scans as an indication
of volume loss. Using similar ideas, an alternative approach to characterizing HC atrophy has been to formulate variables that can be
measured from MRI scans which in some sense reﬂect compromised HC
structural integrity, but are not direct measurements of HC volume per
se (Heister et al., 2011; Lee et al., 2019; Rusinek et al., 2003; Suppa
et al., 2015). The basic premise behind this group of techniques is that
neurodegeneration tends to replace brain parenchyma with CSF. Hence
the measurements in some sense try to capture the relative volume, and
change thereof, between brain parenchyma and CSF in well-deﬁned
regions of interest in the medial temporal lobe.
Following this approach, the hippocampal parenchymal fraction
(HPF) is a recently developed structural MRI biomarker of the HC volumetric integrity. It has been shown to be a sensitive marker of compromised HC in AD (Ardekani et al., 2016), mild cognitive impairment
(MCI) (Ardekani et al., 2017; Mubeen et al., 2017), ﬁrst-episode psychosis (Goﬀ et al., 2018), mesial temporal lobe epilepsy (Hakimi et al.,
2019), and normal cognitive decline in aging (Bruno et al., 2016). HPF
is estimated rapidly ( < 1 minute per scan), robustly ( < 2% failure
rate), and requires no preprocessing of the MRI scans. Its computation is
fully automatic and does not require operator expertise.
To fully realize the clinical potential of HPF as a neuroimaging
biomarker of HC atrophy, it is important to establish its normative
values in cognitively healthy aging. To this end, the main objective of
this study was to establish normative values of HPF with respect to age,
sex, APOE genotype, and brain hemisphere in a large cohort of cognitively normal (CN) older adults. Another aim was to determine the
association between HPF and cognitive ability. Guided by several recent studies from our group and others, we hypothesized that: (1) HPF
will decline with age, (2) there is a right greater than left asymmetry,
(3) the asymmetry is greater in men, (4) the rate of decline with age is
higher in APOE ϵ4 carriers, and (5) HPF explains variations in cognitive
ability beyond that explained by sex, age and APOE genotype.

Fig. 1. Cohort selection procedure.

or substance abuse or dependence within the past 2 years; residence in
skilled nursing facility; and current use of speciﬁc psychoactive medications (e.g., certain antidepressants, neuroleptics, chronic anxiolytics
or sedative hypnotics, etc.).
Our method of identifying the cohort used in this study is shown in
Figure 1. ADNI dataﬁles MPRAGEMETA.csv and ADNIMERGE.csv were
accessed on June 18, 2019. Using the information in these dataﬁles, we
identiﬁed 2,142 subjects with a total of 20,532 three-dimensional (3D)
T1-weighted structural MRI scans. From these, we eliminated all subjects with a baseline diagnosis (DX_bl) other than cognitively normal
(CN) or signiﬁcant memory concern (SMC), reducing the number of
subjects to 778 with a total of 6,793 scans. Next, we eliminated all
subjects with any follow-up diagonsis (DX) of MCI or AD, reducing the
cohort to 659 subjects with 5,053 scans, acquired from September 2005
through April 2019. All scans were downloaded from the ADNI website
and visually inspected for artifacts. Consequently, we identiﬁed and
eliminated 185 scans with various artifacts which included: truncated
ﬁeld-of-view, more than moderate subject motion, excessive noise, severe B1 ﬁeld inhomogeneity, scan being other than T1-weighted, etc.
After elinimating these scans, the cohort reduced to 656 subjects with
4,868 scans. Finally, we only retained the subjects who had at least two
years duration of observation obtaining our ﬁnal cohort of 340 subjects
with 4,239 scans.

2. Materials and methods
2.1. Study subjects
Data used in this study 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 partnership, led by Principal
Investigator Michael W. Weiner, MD. The primary goal of ADNI has
been to test whether serial MRI, positron emission tomography (PET),
other biological markers, and clinical and neuropsychological assessment can be combined to measure the progression of MCI and early AD.
For up-to-date information, see adni.loni.usc.edu.
Since the main aim of the present study was to obtain normative
values for HPF, we selected a cohort of cognitively normal (CN) subjects
from ADNI. Brieﬂy, ADNI inclusion criteria for CN subjects included:
age between 55-90 (inclusive); absence of memory complaints beyond
age expectation; normal memory function documented by scoring
above education adjusted cutoﬀs on the Logical Memory II subscale
(Delayed Paragraph Recall, Paragraph A only) from the Wechsler
Memory Scale Revised; Mini-Mental State Exam (MMSE) score between
24 and 30 (inclusive); Clinical Dementia Rating (CDR) 0; absence of
signiﬁcant impairment in cognitive functions or activities of daily
living; stability of permitted medications for 4 weeks; less than 6
Geriatric Depression Scale; and Hachinski ischemic score less than or
equal to 4. Exclusion criteria included: any signiﬁcant neurologic disease, such as Parkinson’s disease, multi-infarct dementia, Huntington’s
disease, normal pressure hydrocephalus, brain tumor, progressive supranuclear palsy, seizure disorder, subdural hematoma, multiple
sclerosis, or history of signiﬁcant head trauma followed by persistent
neurologic defaults or known structural brain abnormalities; major
depression, bipolar disorder as described in DSM-IV within the past 1
year; history of schizophrenia; MRI contraindications; history of alcohol

2.2. MRI protocols
The 4239 3D T1-weighted scans had been acquired at 59 diﬀerent
ADNI MRI centers. The MRI scanners included multiple 1.5 T and 3 T
models from three main manufacturers: GE, Philips, and Siemens. The
MRI scans were acquired using either MP-RAGE (magnetization prepared rapid gradient echo) or IR-FSPGR (inversion recovery prepared
fast spoiled gradient recalled) pulse sequences. The MRI pulse sequences included both fully sampled and accelerated parallel imaging
acquisitions (GRAPPA on Siemens and SENSE on Philips and GE).
Detailed acquisition parameters for various platforms are available
from the ADNI website: http://adni.loni.usc.edu/methods/documents/
mri-protocols. Imaging protocols are described in detail by Jack et al.
(2015, 2010, 2008).
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ICSF = Igm − .2Imax

2.3. ADAS-Cog-13 data

The HPF is deﬁned as the ratio of the number voxels with intensities
above ICSF threshold to the total number of PVOI voxels with non-zero
probabilities. It represents the estimated fraction of the PVOI that is
occupied by brain parenchyma as opposed to CSF. HPF varies between
0 and 1. Lower values indicate a greater degree of hippocampal
atrophy.
Algorithms that intend to characterize left/right diﬀerences in the
brain have to ensure that the computed measures are left/right unbiased. Speciﬁcally, any computed measure should be invariant with
respect to a left/right reﬂection of the neuroimage. KAIBA ensures that
the estimated HPF is unbiased with respect to hemispheric laterality by
computing and averaging a pair of HPF values for each hemisphere:
once using the original MRI volume and a second time using its mirror
reﬂection with respect to the mid-sagittal plane. The ﬁnal HPF value for
each hemisphere is then given as the average of the two HPF values
obtained for that hemisphere.

The Alzheimer’s Disease Assessment Scale–Cognitive Subscale
(ADAS-Cog) consists of a brief cognitive test battery designed to assess
the severity of cognitive dysfunction (Rosen et al., 1984). During the
examination, subjects are asked to perform 11 speciﬁc cognitive and
memory tasks that are both written tests and observer-based assessments. These tasks include word recall, constructional and ideational
praxis, language, orientation, and comprehension of spoken language.
ADAS-Cog-13 adds two additional tasks to this battery: a test of delayed
word recall and a number cancellation or maze task (Mohs et al., 1997).
ADAS-Cog-13 is scored from 0 to 85 by summing the number of errors
made in each task; therefore, a higher score indicates more errors and
worse performance. We were able to match 1873 ADAS-Cog-13 assessments to scans within 60 days of scan dates.
2.4. Image processing
Within each subject, scans were aligned using the ATRA module of
the Automatic Registration Toolbox (ART). This is a symmetric, unbiased registration technique that computes a rigid-body transformation matrix for each scan such that all scans are registered to a common
standardized orientation. ATRA relies on automatic mid-sagittal plane
(MSP) detection and automatic detection of the mid-sagittal cross-sectional points of the anterior commissure (AC) and posterior commissure
(PC). The MSP is detected using the method described in
Ardekani et al. (1997). The AC/PC are detected using the method described in Ardekani and Bachman (2009). In 82 of the 4239 volumes
(1.9%), the MSP and/or AC/PC detection failed. ATRA provides a mechanism for the operator to manually supply the MSP and AC/PC, in
which case, ATRA bypasses the automated detection steps. Therefore,
we were still able to process the 82 cases and obtain HPF values by
supplying the MSP and AC/PC manually.
Following intra-subject registration, the KAIBA module of ART was
used to compute the left and right HPF. Details of this algorithm have
been presented elsewhere (Ardekani et al., 2016; Goﬀ et al., 2018).
Brieﬂy, a probabilistic volume-of-interest (PVOI) is projected onto the
native space of the 3D structural MRI scan, as shown in Figure 2. The
projection is based on a landmark-based 12-parameter aﬃne transformation. We visually inspected the PVOI in all 4239 exams and conﬁrmed that they were projected correctly similar to the case shown in
Figure 2.
Once the PVOI is determined, the histogram of all voxels with nonzero probabilities is computed and a Gaussian mixture model (GMM) is
ﬁtted to the histogram as shown in Figure 3. The smooth GMM ﬁt allows the algorithm to determine a gray matter peak indicated by Igm on
Figure 3. The algorithm also computes a “maximum” intensity value
indicated by Imax as the 99.75 percentile intensity value. Finally, a CSF
intensity threshold (ICSF in Figure 3) is deﬁned as:

2.5. Statistical analysis
Statistical analyses were performed using the R statistical computing program version 3.5.2 (R Core Team, 2018). HPF data were
analyzed by ﬁtting linear mixed-eﬀects regression models using the
lme4 package in R (Bates et al., 2015).
In the ﬁrst analysis, HPF (HPFijk) was considered as the dependent
variable, and age (Aij), sex (Sj), hemisphere (Hk), APOE ϵ4 carrier status
(APOE4j), ﬁeld strength (Bij), intracranial volume (ICV) denoted by Vj,
and education level (Ej) were included as ﬁxed eﬀects along with a
random intercept (bj) and a random slope (aj) for each subject. The
precise model ﬁtted is given by:

HPFijk = β0 + bj + β1 Sj + β2 Hk + β3 Sj Hk + β4 Bij + β5
Ej +
β6 APOE4j + (β7 + aj + β8 APOE4j) Aij + β9
Aij2 + β10 Vj + eij

(1)

All terms in model (1) are deﬁned in Table 1. The ICV values (Vj) were
downloaded directly from ADNI and converted to z-scores. The model
accounts for non-linear dependence of HPF on age by including quadratic age terms Aij and Aij2 , both centered around the subjects median
age at the baseline scan (73 years). Hypotheses may be tested by considering speciﬁc contrasts of the model parameters β0⋯β10 .
In the second analysis, we modeled the ADAS-Cog-13 scores
(ADAS13ij) in terms of age, sex, education, HPF, and APOE ϵ4 carrier
status. Since the left and right HPF are highly correlated, in this analysis, we used their average across hemispheres. Also, if multiple scans
were associated with a single ADAS-Cog-13 assessment, we averaged
the HPF across these scans. The precise statistical model for this

Fig. 2. The probabilistic volume of interest (PVOI) for the left hippocampus is shown as a semi-transparent overlay in “hot” colormap on axial (left), coronal (middle)
and sagittal (right) sections through a 3D structural MRI scan in native space.
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Fig. 3. The normalized histogram of the voxel intensities comprising the hippocampus PVOI in Figure 2
is shown (thin jagged line) along with a 5-component
Gaussian mixture model ﬁt (thick smooth line).
Smooth ﬁtting allows us to estimate the gray matter
peak location Igm (indicated by the dashed line at intensity 158) and 99.75 percentile intensity Imax (indicated by the dashed line at intensity 250) from
which we determine the location of a CSF intensity
threshold ICSF (indicated by the dashed line at intensity
108) as ICSF = Igm − .2Imax . HPF is deﬁned as the area
under the histogram for intensities above ICSF.

analysis is given by:

Table 1
Mathematical notation in statistical model (1)
k
j
nj
i

Hemisphere index k = l for left, k = r for right
Subject index j = 1, 2, …, 340
Number of scans from jth subject
Scan index i = 1, 2, …, nj

HPFijk
Aij
APOE4j
Bij
Ej
Hk
Sj
Vj
bj

HPF measured on scan i, subject j, and hemisphere k
Centered age (actual minus 73)
APOE ϵ4 carrier status (carrier = 1, non-carrier = 0 )
Scanner ﬁeld strength (3 T= 0, 1.5 T= 1)
Centered years of education (actual minus 16)
Hemisphere indicator (Hr = 1, Hl = 0 )
Sex (male = 1, female = 0 )
Standardized ICV

aj

Random slope for jth subject; aj ∼ N (0, σa2)

β0⋯β10
eij

Model parameters

ADAS13ij = β0 + bj + β1 APOE4j + β2 Sj + β3
HPFij × 100 +
β4 Ej + (β5 + aj + β6 APOE4j) Aij + β7
Aij2 + eij .

(2)

Deﬁnitions of the mathematical notation in model (2) are similar to
those in model (1) given in Table 1.
3. Results

Random intercept for jth subject; bj ∼ N (0, σb2)

The actual P values are reported unless P < .001. When estimates
are reported as percentages, they are with respect to .861, the mean
HPF marginalized across sexes and hemispheres for a hypothetical
APOE ϵ4 non-carrier subject with median age (73 yrs), median education level (16 yrs), and mean ICV (1511 cm3), scanned at 3 T. Quoted
estimates are followed by either their standard deviation or 95% conﬁdence interval in parenthesis.

Random residual; eij ∼ N (0, σe2)

3.1. Sample characteristics
Demographic characteristics of the subjects are shown in Table 2.
The sample was balanced with respect to sex ( χ 2 = .75, df = 1, P = .39),
consisting of 162 men (47.6%) and 178 women (52.4%). Subject age at
baseline ranged from 59.51 to 89.56 years (mean=73.64, SD=5.84).
The mean age at baseline of men was 74.14 (6.25) years and of women
was 73.18 (5.43) years, which were not signiﬁcantly diﬀerent (twosample t-test: t = 1.51, df = 338, P = .13). The mean education level of
the entire cohort was 16.5 (2.7) years. The male subjects had signiﬁcantly more years of education than the female subjects (two-sample
t-test: t = 4.37, df = 338, P < .001). The mean ICV in males was signiﬁcantly greater than that of females (two-sample t-test: t = 12.46,
df = 336, P < .001). 87 of the 340 subjects (25.6%) were APOE ϵ4
carriers. The proportion of APOE ϵ4 carriers in men (23.5%) was not
signiﬁcantly diﬀerent from that in women (27.5%) ( χ 2 = .74, df = 1,
p = .39) (Table 2).
From the total of 4239 scans, 1737 (41%) were acquired using 1.5 T

Table 2
Subject demographics

Number of subjects
Baseline age (yrs)
APOE ϵ4 (+, -)
Years of education (yrs)
ICV (cm3)
Number of 3 T scans

Total

Male

Female

P-value

340
73.64 (5.84)
87, 253
16.5 (2.7)
1511
(154.5)
2502 (59%)

162 (47.6%)
74.14 (6.25)
38, 124
17.1 (2.3)
1602 (139.3)

178 (52.4%)
73.18 (5.43)
49, 129
15.9 (2.8)
1429 (116.8)

.39
.13
.39
< .001
< .001

1179
1323
< .001
(56.2%)
(61.8%)
Number of 1.5 T scans
1737 (41%)
920 (43.8%)
817 (38.2%)
”
Numbers in parentheses are standard deviations or percentages as applicable.
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Fig. 4. Histogram of the number of subjects by number of timepoints. The histogram shows, for example, 75 subjects had 5 scanning sessions (timepoints) each.

and 2502 (59%) were acquired using 3 T MRI scanners (Table 2).2 In
women, 61.8% of scans were acquired at 3 T. The proportion of 3 T
scans in men (56.2%) was signiﬁcantly lower ( χ 2 = 14, df = 1,
P < .001). Conversely, a signiﬁcantly higher proportion of scans in men
were at 1.5 T (43.8%) when compared to women (38.2%).
The histogram of the number of timepoints (ADNI scanning visits)
by number of subjects is shown in Figure 4. The number of visits ranged
from 2 to 15 with a median of 6 timepoints per subject. Most subjects
(75) had 5 scanning visits (mode of the histogram). At each visit, subjects normally had two 3D T1-weighted MRI scans. The number of scans
per subject ranged from 3 to 35 with a median of 11.5. The duration of
observation per subject ranged from 2 to 13.53 years with a mean of
4.95 (2.66) years.

Table 3
Estimated ﬁxed eﬀects parameters for HPF in model (1)
Parameter

Estimate

Std. Error

P-value

10−3

< .001

β0 (intercept)

8.588 ×

β1 (male)

− 5.147 × 10−3

7.5 × 10−3

.492

β2 (right)

8.092 × 10−3

6.1 × 10−4

< .001

β3 (male and right)

3.008 × 10−3

8.7 × 10−4

< .001

β4 (1.5 T)

− 7.707 × 10−3

9.3 × 10−4

< .001

β5 (education)

− 3.232 × 10−3

1.2 × 10−3

.007

β6 (APOE ϵ4 + )
β7 (age)

− 1.295 × 10−2

7.1 × 10−3

.069

− 7.201 × 10−3

3.8 × 10−4

< .001

β8 (age × APOE ϵ4 + )
β9 (age-squared)

− 1.942 × 10−3

7.0 × 10−4

.006

− 1.656 × 10−4

2.1 × 10−5

< .001

β10 (ICV)

− 9.166 × 10−3

3.8 × 10−3

.015

10−1

5.1 ×

3.2. Model parameter estimates
Table 3 shows the estimated ﬁxed eﬀect parameters in model (1).
The random eﬀects standard deviations for this model were estimated
to be: σ^b = .054, σ^a = .0046 yr −1, and σ^e = .02 . This information is suﬃcient to establish normative values of HPF. Sections 3.3-3.7 present
results on the eﬀects of speciﬁc factors and variables on the expected
HPF values.
Table 4 shows the estimated ﬁxed eﬀect parameters in model (2).
The random eﬀects standard deviations for this model were estimated
to be: σ^b = 2.71, σ^a = .29 yr −1, and σ^e = 2.73. Sections 3.8 and 3.9 present
results on the eﬀects of speciﬁc factors and variables on the expected
ADAS-Cog-13 scores.

Table 4
Estimated ﬁxed eﬀects parameters for ADAS-Cog-13 in model (2)

3.3. Eﬀects of sex and brain hemisphere on HPF

3.4. Scanner bias in HPF

The estimated marginal means (95% conﬁdence interval) (CI) of
HPF for median baseline age (73 years), median education level (16
years), mean ICV (1511 cm3), APOE ϵ4 non-carriers, scanned at 3 T are
shown in Figure 5. After correcting for all other variables, HPF was not
signiﬁcantly diﬀerent between male and female subjects (β1, Table 3,
P = .492 ). However, the HPF on the right hemisphere was signiﬁcantly
larger than on the left (β2, Table 3, P < .001); and this right > left
asymmetry was signiﬁcantly more pronounced in men compared to
women (β3, Table 3, P < .001).

We found a scanner eﬀect whereby the estimated HPF using 1.5 T
scanners was slightly but signiﬁcantly lower than the estimated HPF
using 3 T scanners (β4, Table 3, P < .001). The diﬀerence as a percentage of mean HPF was -.9 (-1.1, -.7) (%).

Parameter

Estimate

Std. Error

P-value

β0 (intercept)
β1 (APOE ϵ4 + )
β2 (male)
β3 (HPF)
β4 (education)
β5 (age)
β6 (age × APOE ϵ4 + )
β7 (age-squared)

6.83
.59

.28
.42

< .001
.162

1.56
− .085
− .28
.13
.11

.37
.027
.07
.04
.07

< .001
.002
< .001
.003
.126

.01

.0028

< .001

3.5. Eﬀect of education on HPF
There was a negative association between years of education and
HPF (β5, Table 3, P = .007 ). As a percentage of mean HPF, the rate of
change with education level was -.38 (-.65, -.10) (%/education yr).

2
MPRAGEMETA.csv indicates 53 scans as having been acquired at a magnetic
ﬁeld strength of 2.9 T! We counted these as 3 T.
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Fig. 5. Estimated marginal means for men and women on the left and right hemispheres. The error bars represent the 95% conﬁdence intervals.

Table 4, P = .002 ). For every .01 unit increase in HPF the ADAS-Cog-13
score declined (improved) by -.085 (-.138, -.032) points.

3.6. Eﬀects of age and APOE genotype on HPF
There was a trend towards a reduction in HPF in APOE ϵ4 carriers
(i.e., subjects with 1 or 2 copies of the APOE ϵ4 allele) relative to noncarriers (β6, Table 3, P = .069). APOE genotype did signiﬁcantly aﬀect
the rate of decline of HPF with age. As a percentage of mean HPF
(.861), HPF in ϵ4 non-carriers declined at a rate of -.84 (-.92, -.75)
(%/yr) (β7, Table 3, P < .001). The decline rate in ϵ4 carriers was
signiﬁcantly faster (β8, Table 3, P = .006), amounting to -1.06 (-1.20,
-.92) (%/yr).
There was also strong evidence that HPF declined quadratically
with age (β9, Table 3, P < .001). The acceleration of HPF decline (2β9)
as a percentage of mean HPF was estimated to be -.04 (-.05, -.03)
(%/yr2).

4. Discussion
The hippocampal parenchymal fraction is a recently developed
clinically viable neuroimaging biomarker of hippocampal degeneration
(Ardekani et al., 2017; 2016; Bruno et al., 2016; Goﬀ et al., 2018;
Hakimi et al., 2019; Mubeen et al., 2017). It can be computed rapidly
and robustly on raw structural MRI scans without a need for image
preprocessing or operator expertise. The main objective of this paper
was to establish the normative values of HPF and its rate of decline with
age in cognitively normal individuals to enhance the potential of this
measure both clinically, and as a research tool for developing therapeutic interventions. Our results show that factors such as age, sex,
APOE genotype, ICV, and brain hemisphere signiﬁcantly aﬀect HPF
values and therefore should be taken into account when evaluating HPF
in individual cases. By and large, our ﬁndings are in concordance with
the literature on HC volume measurements in normally aging individuals.
We found a right > left asymmetry in HPF (β2, Table 3; Figure 5).
This is in concordance with several previous studies that have also
found that the right HC volume was larger than the left in normal aging,
MCI and AD (Barnes et al., 2005; Maller et al., 2007; Shi et al., 2009;
Wachinger et al., 2016; Ystad et al., 2009). In addition, we found that
this asymmetry is slightly more pronounced in males (β3, Table 3;
Figure 5) which replicates the results that we recently found in a different cohort (OASIS1) (Ardekani et al., 2019) as well as those reported
by Lucarelli et al. (2013).
The HPF declined with age quadratically. The decline rate of HPF
with age was estimated to be -.84 (-.92, -.75) (%/yr) for an individual at
median age, and to increase by -.04 (%/yr) per year thereafter. The
normal age-related decline in HC volume is a common ﬁnding
(Armstrong et al., 2019; Cohen et al., 2001; Cover et al., 2016; Knoops
et al., 2012; Ystad et al., 2009). In addition, we found that the rate of
decline in APOE ϵ4 carriers, -1.06 (-1.20, -.92) (%/yr), was signiﬁcantly
faster than non-carriers. This is also corroborated by a number of previously published works (Armstrong et al., 2019; Cohen et al., 2001;
Fleisher et al., 2005; Spampinato et al., 2016).
An initially surprising ﬁnding was a negative linear association
between HPF and years of education (β5, Table 3) after correcting for all
other variables (section 3.5). On average, HPF declined by -.38 (-.65,

3.7. Eﬀect of ICV on HPF
Controlling for all other variables, there was a signiﬁncant negative
association between ICV and HPF (β10, Table 3, P = .015). For every one
SD (154.5 cm3) increase in ICV the HPF declined by -1.06 (-1.92, -0.21)
(%/SD).
3.8. Eﬀects of sex, education, APOE genotype, and age on ADAS-Cog-13
The mean ADAS-Cog-13 score was estimated to be 6.83 (6.28, 7.37)
for females (β0, Table 4) and 8.39 (7.80, 8.97) for males (β0 + β2,
Table 4). Males performed signiﬁcantly worse than females (P < .001).
The ADAS-Cog-13 scores improved (decreased) with increasing
education level at a rate of -.28 (-.42, -.14) (pts/yr). This rate of improvement (β4, Table 4) was statistically signiﬁcant (P < .001).
The APOE ϵ4 carriers performed slightly worse than non-carriers
(β1, Table 4) and their cognitive ability declined slightly faster than
non-carriers (β6, Table 4); however, neither eﬀect reached statistical
signiﬁcance (P = .162 and P = .126, respectively).
ADAS-Cog-13 scores worsened quadratically with age as indicated
by signiﬁcantly positive β5 (P = .003) and β7 (P < .001) coeﬃcients in
Table 4.
3.9. Eﬀect of HPF on ADAS-Cog-13
After controlling for sex, education, APOE genotype, and age, there
was a signiﬁcant association between HPF and ADAS-Cog-13 (β3,
6
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(Lancaster et al., 2017). The subjects in this longitudinal study had a
median of three ADAS-Cog-13 assessments each. Therefore, it is possible that the eﬀects of aging on the ADAS-Cog-13 score are somewhat
attenuated due to a practice eﬀect.
After adjusting for sex, education, age, and APOE genotype, we
found that HPF was signiﬁcantly associated with ADAS-Cog-13 scores
(section 3.9). For every .01 unit increase in HPF, the ADAS-Cog-13
score declined by -.085 (-.138, -.032) points. Conversely, HC atrophy
was associated with a decline in cognitive ability. This ﬁnding is
clinically important because evaluation of HPF by MRI oﬀers a neurobiological substrate for cognitive decline. Patients with SMC accompanied with quantiﬁably low HPF may be at a higher risk of incipient
dementia. It has been shown that augmenting clinical and cognitive
measures with MRI-based HC volume measurements increases the diagnostic conﬁdence of AD pathology (Bosco et al., 2017).
This study has a number of limitations. In 82 images (out of 4239)
or 1.9%, the KAIBA software failed to detect the MSP and/or the AC/PC
automatically. For these images this information had to be supplied
manually in order to measure the HPF. Future research is required to
reduce this failure rate. As with any other analysis using linear mixed
eﬀects models, there is a risk that the model assumptions of homoscedasticity, normalities of random eﬀects and residuals, and linear
associations between independent and predictor variables are not satisﬁed. In this work, we qualitatively checked for model assumptions
using Q-Q plots and by plotting residuals versus HPF ﬁts and ensured
that these assumptions are reasonably valid. In addition, the signiﬁcance levels of our ﬁndings were generally quite high and it is unlikely that minor violations of the model assumptions would change our
conclusions. There are likely other factors such as socioeconomic status,
MRI pulse-sequences (e.g., accelerated vs fully sampled), handedness,
etc. that could systematically aﬀect HPF but were not considered in this
study. Due to the large number of scans (4239), we did not include a
direct comparison between HPF and automaticed HC volumetry (e.g.,
FreeSurfer). This remains for a future study. In this study, we investigated the relationship between HPF on ADAS-Cog-13 in CN. The
ADAS-Cog-13 was developed to measure behavioral/cognitive deﬁcit
severity in symptomatic AD patients. Reviews of its use in a number of
MCI and CN cohorts demonstrate ceiling eﬀects in the majority of tasks,
with most errors in word recall and word recognition (Kueper et al.,
2018). Separating cognitive performance by task could provide insight
to some of the signiﬁcant eﬀectors on ADAS-Cog-13 scores.

-.10) %/(education yr). Since in this cohort, men were signiﬁcantly
more educated than women (Table 2), we stratiﬁed the cohort by sex
and repeated the linear mixed eﬀects model analysis for men and
women separately. We still observed the negative association between
education and HPF. At the same time, the ADAS-Cog-13 scores improved (decreased) signiﬁcantly with an increasing education level
(P < .001) (section 3.8) after controlling for all other variables. The
ADAS-Cog-13 scores declined (ability improved) by an average of -.28
(-.42, -.14) pts/(education yr). We hypothesize that these ﬁndings may
be due to cognitive reserve (Stern, 2012), whereby people with higher
levels of education can tolerate more HC atrophy and still maintain a
level of function that allows them to be classiﬁed as cognitively normal
throughout the study period.
The HPF was found to decline with increasing ICV (β10, Table 3),
reducing by -1.06% (-1.92%, -0.21%) for every SD units increase in ICV
(section 3.7). This result is in agreement with our previous ﬁnding on
an independent cohort (Ardekani et al., 2019). It should be noted that
in this respect HPF is diﬀerent from HC volume, since the latter has
been consistently found to increase in proportion to ICV (Bosco et al.,
2017; Fleisher et al., 2005; Ystad et al., 2009). We attribute the negative
association between HPF and ICV to the fact that HPF in some sense
measures the compactness of brain tissue within the cranium. Therefore, it is conceivable that a smaller ICV would result in more compact
brain tissue compartments and, therefore, higher HPF. Based on our
experience with analysing MRI scans for both HPF and HC volume, we
hypothesize that the latter depends more strongly on ICV than the
former, since HPF is a normalized measure. This hypothesis remains to
be formally tested.
The ﬁnding that ADAS-Cog-13 scores improved with education level
(section 3.8) is also consistent with multiple previously published research articles that show a positive association between performance on
neuropsychological tests and education level in normal elderly subjects
(Ganguli et al., 1991; 2010; van Hooren et al., 2007; Melikyan et al.,
2019; Snitz et al., 2009).
The female subjects performed signiﬁcantly better than the male
subjects on the ADAS-Cog-13 neurocognitive test battery (P < .001) by
about 1.5 points (section 3.8). This is consistent with multiple previously published research papers showing that normal elderly women
perform better than their male counterparts, particularly in neuropsychiatric tests involving verbal memory and recall (Collie et al.,
1999; Gale et al., 2007; Ganguli et al., 1991; van Hooren et al., 2007;
Munro et al., 2012; Ystad et al., 2009). Interestingly, in patients with
early stage dementia this trend reverses, that is, cognitive impairment
in female patients appears to progress faster than in males (Lin et al.,
2015; Sohn et al., 2018) and the advantage in CN females (relative to
males) may disappear in MCI (Gale et al., 2016) and even reverse in AD.
According to Chapman et al. (2011): “women have farther to fall”. This
suggests the gap between CN and AD groups is wider in women than
men in neurocognitive scores. Therefore, when these features are used
for classiﬁcation, machine learning algorithms perform more accurately
in detecting AD in women that in men (Ardekani et al., 2017; Mubeen
et al., 2017).
We also found that ADAS-Cog-13 performance declined (scores increased) quadratically with age (section 3.8). This is in agreement with
numerous other papers that have also noted a decline in cognitive
ability with age (Collie et al., 1999; Gale et al., 2007; Ganguli et al.,
1991; van Hooren et al., 2007; Ystad et al., 2009).
We did not ﬁnd a statistically signiﬁcant diﬀerence between ADASCog-13 of ϵ4 carriers and non-carriers. Nor did we ﬁnd a statistically
signiﬁcant diﬀerence between their decline rates in performance. Some
recent studies have found that, in non-demented older adults, ϵ4-carriers demonstrate a more rapid decline in executive function and
memory (Chapman et al., 2018; Reas et al., 2019). On the other hand, a
meta-analysis of the eﬀects of APOE ϵ4 in mid-adulthood (deﬁned as a
mean sample age between 35 and 60 years) found the average eﬀect
size of ϵ4 to be non-signiﬁcant across cognitive domains

5. Conclusions
The HPF is a promising neuroimaging biomarker of HC atrophy. In
this paper, we established normative values of HPF with respect to sex,
age, APOE genotype, scanner ﬁeld strength, brain hemisphere, ICV, and
education level. We found that (1) HPF decreased with increasing ICV,
(2) HPF was higher on the right hemisphere than left, (3) the
right > left asymmetry was slightly more pronounced in men, (4) HPF
decreases quadratically with age, (5) the rate of HPF decline with age
was faster in APOE ϵ4 carriers than non-carriers, and (6) after controlling for age, sex, education and ϵ4 status, HPF was signiﬁcantly
associated with cognitive ability. The results were in close agreement
with previously published research based on HC volume. When evaluating HPF on single individuals, these factors need to be considered.
HPF has potential as a biomarker in research studies and clinical diagnosis of AD.
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