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a b s t r a c t
Background/aims: Alzheimer's disease (AD) shows a characteristic pattern of brain atrophy, with predominant involvement of posterior limbic structures, and relative preservation of rostral limbic and primary cortical regions.
We aimed to investigate the diagnostic utility of two gray matter volume ratios based on this pattern, and to develop a fully automated method to calculate them from unprocessed MRI ﬁles.
Patients and methods: Cross-sectional study of 118 subjects from the ADNI database, including normal controls
and patients with mild cognitive impairment (MCI) and AD. Clinical variables and 3 T T1-weighted MRI ﬁles
were analyzed. Regional gray matter and total intracranial volumes were calculated with a shell script
(gm_extractor) based on FSL. Anteroposterior and primary-to-posterior limbic ratios (APL and PPL) were calculated from these values. Diagnostic utility of variables was tested in logistic regression models using Bayesian
model averaging for variable selection. External validity was evaluated with bootstrap sampling and a test set
of 60 subjects.
Results: gm_extractor showed high test-retest reliability and high concurrent validity with FSL's FIRST. Volumetric measurements agreed with the expected anatomical pattern associated with AD. APL and PPL ratios were signiﬁcantly different between groups, and were selected instead of hippocampal and entorhinal volumes to
differentiate normal from MCI or cognitively impaired (MCI plus AD) subjects.
Conclusion: APL and PPL ratios may be useful components of models aimed to differentiate normal subjects from
patients with MCI or AD. These values, and other gray matter volumes, may be reliably calculated with
gm_extractor.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Alzheimer's disease (AD) is the most prevalent cause of dementia in
the western world [1]. Defeating AD and other dementias has been
established as a priority for European science and society [2]. The pathologic hallmarks of AD include a combination of neuronal loss, glial proliferation, beta-amyloid neuritic plaques, and tau-laden neuroﬁbrillary
tangles [3]. The distribution of brain lesions in AD is not uniform.
Existing evidence points to a major involvement of the posterior limbic
system, including the hippocampus, the entorhinal cortex, the posterior
cingulate cortex, and the multimodal associative temporoparietal areas
[4–7]. In contrast, the primary motor, sensory and visual areas, and the
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rostral limbic system, including the anterior cingulate and frontal ventromedial regions, seem to be relatively spared [4,8,7]. This selective anatomical pattern in AD opens the way to the development of structural
and functional biomarkers. To date, the volumes of the hippocampus
and the entorhinal cortex have been the most frequently used volumetric measures for the diagnosis of AD (reviewed at [9]). These volumes
have been shown to discriminate normal subjects from patients with
amnestic mild cognitive impairment (MCI) or AD [9], and to predict
the progression from MCI to AD, especially when tested longitudinally
[10–12].
In this study we have further explored the use of MRI-derived brain
volumetric measures for the diagnosis of AD. In particular, we have
developed and tested the diagnostic utility of two volume ratios
aimed to detect the anatomical pattern associated with AD: 1) the
anteroposterior limbic ratio (APL), which compares the gray matter volumes of the anterior and posterior limbic structures, and 2) the primary-to-posterior limbic ratio (PPL), which compares the gray matter
volumes of the primary motor, sensory and visual areas, and the posterior limbic structures. The use of volume ratios is theoretically appealing, as they avoid the need to normalize by head size and may be less
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sensitive to technical variability. The study population was collected
from the Alzheimer's Disease Neuroimaging Initiative (ADNI) database
(adni.loni.usc.edu), and included cognitively intact elderly subjects,
and patients with amnestic MCI and AD. A cross-sectional design was
applied with the main objective of identifying the best volumetric variables to differentiate the clinical groups among the APL and PPL ratios
and the gray matter volumes of 11 regions.
In order to facilitate clinical use, brain volumes were calculated with
a fully automated method wrapped in a shell script (gm_extractor). This
script takes a T1-weighted MRI in NIfTI format as input, and gives a series of global and regional volumes and processed images as output.
gm_extractor applies a pipeline of free-software tools, mainly based
on the FSL suite [13], and it is also freely available (see link below).
2. Patients and methods
2.1. Selection of the study population
Data used in the preparation of this article were obtained from the
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, 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
www.adni-info.org.
In this work we opted to perform a transversal (cross-sectional)
analysis, and to focus on high resolution (3 Tesla) images in order to optimize the segmentation step. To this end the patients were collected
from the ADNI database using the advanced search machine and
selecting the following options: ADNI screening or baseline visits,
3 Tesla MRI, T1-weighted images, and original (unprocessed) ﬁles.
There were 118 subjects fulﬁlling these criteria, who were categorized
into three clinical groups: normal, MCI (including cases labeled as
MCI, early MCI or late MCI), and AD. Of note, the MCI patients correspond to the amnestic MCI subtype of more recent classiﬁcations [14].
Age, gender, years of education, and Mini-mental State Examination
(MMSE) and Functional Activities Questionnaire (FAQ) scores were
also registered. Due to the limited size of the main sample, a test set of
60 subjects (20 per group) was also analyzed and used for external validation. These cases were selected from the META3MRI list of the ADNI
database.
2.2. Pipeline of brain MRI analysis
The initial brain MRI ﬁles were the original MPRAGE (T1-weighted)
ﬁles downloaded from ADNI. The technical details of the MRI sequences
and protocols can be reviewed at http://adni.loni.usc.edu/about/
centers-cores/mri-core/. Conversion from DICOM to NIfTI was performed with dcm2nii (http://people.cas.sc.edu/rorden/mricron).
The gray matter volumes of 11 brain regions, the total intracranial
volume (TIV), and the total gray and white matter brain volumes
were calculated with a fully automated method wrapped in a bash
script (gm_extractor). gm_extractor contains a pipeline based on the
FSL suite version 5.0.9 [13], the optiBET brain extraction program [15],
and the mat2det matrix-to-determinant program (http://enigma.usc.
edu/). It also requires 11 binary brain masks, which were created by applying fslmaths to the corresponding Harvard-Oxford probabilistic
maps included in FSL with a threshold of 30. This threshold was empirically selected after visual inspection of the effects of a range of values
(1, 10, 30, 50, 70, 100) on the hippocampal mask. In particular, low
thresholds led to the unintended inclusion of the amygdala and the
parahippocampal gyrus, whilst high thresholds led to the exclusion of
signiﬁcant portions of the hippocampal gray matter. In addition to the
hippocampus, we analyzed the following cortical regions: frontal pole,
frontal ventromedial cortex, temporal pole, parahippocampal gyrus

Fig. 1. Pipeline of brain MRI analysis. TIV: total intracranial volume.

(anterior division), cingulate gyrus (anterior division), cingulate gyrus
(posterior division), precentral gyrus, postcentral gyrus, precuneus
cortex, and intracalcarine cortex. The parahippocampal gyrus (anterior
division) of the Harvard-Oxford atlas mainly corresponds to the entorhinal cortex.
The pipeline in gm_extractor included the following steps (Fig. 1):
1). The original NIfTI ﬁles were reoriented to standard with
fslreorient2std. 2) The ﬁeld of view was cropped to reduce neck tissue
with FSL's robusfov. 3). The resulting image was brain extracted with
optiBET. optiBET includes an initial brain extraction step with biasﬁeld correction, and subsequent linear and non-linear registrations.
optiBET requires two minor modiﬁcations in order to run within
gm_extractor: add “cp ${i}_step5.nii.gz my_inverted_warp.nii.gz” at
the end of step 5, and save the ﬁle as optiBET_2.sh. The inclusion of
optiBET instead of BET was an essential step to obtain a fully automated
method. 4). The subject-to-standard warp ﬁle obtained with optiBET
was inversely applied to the binary brain masks with FSL's applywarp.
5). The brain image was segmented into gray matter, white matter,
and cerebrospinal ﬂuid with FSL's fast. 6). The binary masks in subject
space were applied to the gray matter segment (pve_1) with fslmaths,
obtaining 11 gray matter extracted regions. 7). The volumes of gray
matter were calculated with fslmaths. 8). TIV was estimated with the inverse determinant method according to the Enigma protocol (http://
enigma.ini.usc.edu/protocols/imaging-protocols/protocol-for-brainand-intracranial-volumes/). The details of the processing steps may be
directly reviewed opening the annotated code with a text editor such
as gedit. The shell script (gm_extractor) and the brain masks can be
both freely accessed at a web link (see footnote2). Correct execution of
the pipeline was evaluated through visual inspection of the intermediate ﬁles with fslview. Failures in the procedure were registered, but no
manual interventions were allowed. All analyses were done with a
home computer with the following speciﬁcations: CPU: i7-6500 U,
2.5 GHz. RAM: 16 GB. Hard disk: 480 GB SSD. Operating System: Ubuntu
Linux 16.04.1LTS (64 bits).
2.3. Statistical methods
Statistical analyses were performed with R version 3.3.2 [16]. Differences between groups in demographic and neuropsychological variables were analyzed with one-way analysis of variance (ANOVA) or
the Pearson's Chi-Square test.
Test-retest reliability of gm_extractor was analyzed in a subset of 30
cases, which included patients of the three groups in a similar
2
https://www.dropbox.com/sh/i0j8gpvy5c83m58/AAAjaGsMNb8LZ5jX3ddrQy1ba?
dl=0
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proportion to that of the whole sample. To this end, the volumes obtained from the initial MRI and a second MRI performed shortly after, were
compared with the Pearson's correlation coefﬁcient. Concurrent validity
of the hippocampal volumes obtained with gm_extractor was explored
by comparing these values to those obtained with SNT and FIRST. FIRST
is a fully automated program included in FSL [17]. We used the command-line version (ﬁrst) with default options. SNT is a semi-automated
method that has shown excellent correlation with manual measures
(Medtronic Surgical Navigation Technologies, Louisville, CO) [18]. SNT
volumes were directly downloaded from the ADNI database, and were
available for 88 of 118 patients. FIRST failed in two cases, remaining
86 patients for comparison. The three methods were compared with
the Pearson's correlation coefﬁcient and Bland-Altman plots.
Brain volumes obtained with gm_extractor were normalized to TIV
according to this formula: Normalized volume = (Volume/TIV)
∗ 10,000 [19]. From the regional volumes we calculated two ratios designed to detect the anatomical pattern typical of AD: 1) APL ratio =
(Frontal ventromedial + Cingulate anterior) / (Hippocampus +
Parahippocampus anterior + Cingulate posterior + Precuneus), and
2) PPL ratio = (Precentral gyrus + Postcentral gyrus + Intracalcarine
gyrus) / (Hippocampus + Parahippocampus anterior + Cingulate posterior + Precuneus). The formulae of the APL and PPL ratios were designed in order to obtain values that increased with disease
progression (i.e. higher values represent more advanced stages of disease). Normalized volumes and volume ratios were compared between
groups with analysis of covariance (ANCOVA), taking age, gender, and
years of education as covariates. Adjusted P values b0.05 in the likelihood ratio test were considered as signiﬁcant. Post-hoc tests comparing
two-by-two the clinical groups were performed with the Tukey's Honest Signiﬁcant Difference test, and were only applied when the ANCOVA
test was signiﬁcant.
In order to evaluate the diagnostic utility of the volumetric variables,
four logistic regression models aimed to differentiate normal from MCI,
normal from AD, normal from cognitively impaired (MCI plus AD), and
MCI from AD patients were constructed. In a ﬁrst step, Bayesian model
averaging (BMA) was used to select the best volumetric variables
among the 11 regional gray matter volumes and the two ratios (APL
and PPL) [20]. Of note, BMA is mainly a predictive method for variable
selection, which primes the accuracy of the ﬁnal models over their
logical structure. In a second step, age, gender and years of education
were added to the volumetric variables, and a sequential method of variable elimination with the likelihood ratio test was applied. Relative
quality of the models was evaluated with the Akaike's Information Criterion (AIC). Diagnostic accuracy of models was analyzed with the
OptimalCutpoints package using the receiver operating characteristic
curve (ROC) method [21]. The external validity of the models was tested
with both bootstrap sampling and the holdout method (training versus
test sets). Bootstrap 95% conﬁdence intervals of the areas under the ROC
curves (AUC) were estimated with the boot package applying the percentile method and 1000 replications [22]. The accuracy of the classiﬁcation of the test set was analyzed with the same methods used to
evaluate the main (training) sample.

3. Results
3.1. Performance, test-retest reliability and concurrent validity of
gm_extractor
Visual inspection of the reoriented, cropped and brain-extracted
images and the registered brain masks showed anatomically correct results in 117 of 118 cases (99.2%). The pipeline wrapped in gm_extractor
failed in one of 118 patients (0.8%). This problem could be solved by
changing the cropping step, but the case was excluded to avoid any
kind of manual intervention. Processing time for each subject was 16–
18 min.

Test-retest correlation coefﬁcients of brain volumes calculated with
gm_extractor were all high (r N 0.9): TIV: 0.999. Total gray matter:
0.944. Total white matter: 0.929. Frontal pole: 0.970. Frontal ventromedial cortex: 0.972. Temporal pole: 0.976. Hippocampus: 0.995.
Parahippocampal gyrus (anterior division): 0.984. Cingulate gyrus (anterior division): 0.993. Cingulate gyrus (posterior division): 0.994.
Precentral gyrus: 0.981. Postcentral gyrus: 0.989. Precuneus cortex:
0.951. Intracalcarine cortex: 0.980. APL ratio: 0.992. PPL ratio: 0.984.
Comparison of hippocampal volumes (in mL) calculated with
gm_extractor, FIRST and SNT is shown in Fig. 2. Pearson's correlation coefﬁcients between gm_extractor and the other methods were both high
(gm_extractor vs. FIRST = 0.841, gm_extractor vs. SNT = 0.862). BlandAltman plots showed that gm_extractor gave slightly lower values on
average to those obtained with FIRST (mean difference = −0.285, standard deviation (SD) of differences = 0.699), but markedly higher values
than those obtained with SNT (mean difference = 2.603, SD of differences = 0.539).
3.2. Descriptive and bivariate analyses of the demographic, clinical and
volumetric variables
The demographic and clinical characteristics of the patients are summarized in Table 1. As expected, there were marked differences between groups in the MMSE and FAQ scores. The three groups also
showed signiﬁcant differences in gender and years of education, but
not in age.
The normalized volumes and the two volume ratios (APL and PPL) of
the three groups are summarized in Table 2. Gray matter volumes of
posterior limbic structures showed progressively decreasing values in
the three groups: normal N MCI N AD (Fig. 3). Due to the way in which
they were codiﬁed, this sequence was inverted for the APL and PPL ratios (Fig. 3). Differences between groups in the volumes of the posterior
limbic structures and the APL and PPL ratios were statistically signiﬁcant
in tests adjusted for age, gender and years of education. In contrast, gray
matter volumes of primary motor, sensory and visual areas, and anterior
limbic structures (anterior cingulate, frontal ventromedial) were similar
in the three groups (Fig. 4). The adjusted P values for these variables
were all higher than 0.05.
3.3. Construction and diagnostic accuracy of the logistic regression models
The selection of the volumetric variables using BMA showed different results according to the clinical context. The variables selected to differentiate normal from MCI patients were the anterior cingulate volume
(posterior probability = 0.343) and the APL ratio (0.434). The same two
variables were selected to differentiate normal from cognitively impaired subjects (MCI plus AD). The posterior probabilities in this case
were 0.453 and 0.558, respectively. In contrast, the variables selected
to differentiate normal from AD patients were the hippocampus
(0.618), the postcentral gyrus (0.301), and the PPL ratio (0.544). The
best variable to distinguish MCI from AD was the PPL ratio (0.249),
but in this context all variables showed low to moderate posterior
probabilities.
The addition of age, gender and years of education to the previously
selected volumetric variables, and the subsequent elimination of the
non-signiﬁcant variables with the likelihood ratio test, led to the four
ﬁnal logistic regression models shown in Table 3. The diagnostic accuracy of the models is summarized in Table 4, and their ROC curves are
depicted in Fig. 5. The model aimed to differentiate normal from AD subjects was the most accurate (AUC = 0.933). In contrast, the MCI vs. AD
model was inaccurate (AUC = 0.620). The other two models (normal
vs. MCI, and normal vs. cognitively impaired) showed intermediate
values (AUC = 0.830 and 0.833).
For the sake of comparison, we also calculated the accuracy of
hippocampal gray matter volume to differentiate normal subjects
from patients with MCI or cognitive impairment (MCI plus AD). The
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Fig. 2. Comparison of the hippocampal volumes in mL calculated with gm_extractor and SNT (upper row) or FIRST (lower row). Left panels are scatter plots with linear regression lines.
Right panels are Bland-Altman plots, where the dotted lines represent the mean difference between methods, and the dashed lines correspond to the limits of agreement (±1.96
∗ standard deviation of differences).

coefﬁcients and accuracy of the hippocampal models were as follows: 1)
Normal vs. MCI: Constant = 6.795 (Standard error (SE) = 1.926). Hippocampus = −0.138 (SE = 0.041, P b 0.001). AIC = 114.511. AUC =
0.711. Sensitivity = 0.796. Speciﬁcity = 0.553. 2) Normal vs. Cognitively impaired (MCI plus AD): Constant = 7.953 (SE = 1.804). Hippocampus = −0.156 (SE = 0.038, P b 0.001). AIC = 130.146. AUC = 0.749.
Sensitivity = 0.658. Speciﬁcity = 0.684. Of note, the four models

selected with BMA all contained the hippocampal gray matter volume
either by itself or within the composite APL and PPL ratios.
3.4. External validity of the logistic regression models
Bootstrap 95% conﬁdence intervals of the AUCs are shown in Table 4.
The test set included 60 subjects (20 per group: normal, MCI, AD) with a

Table 1
Demographic and clinical characteristics of the patients according to clinical group (normal controls, mild cognitive impairment (MCI), and Alzheimer's disease (AD)).
Normal
(n = 38)

MCI
(n = 54)

AD
(n = 25)

P

Age
Mean (SD)a
Gender
Female
Male

74.9 (4.5)

74.1 (8.1)

73.8 (8.2)

0.818

23 (60.5%)
15 (39.5%)

20 (37%)
34 (63%)

17 (68%)
8 (32%)

0.014
Nb-MCI 0.044
N-AD 0.049
MCI-AD 0.020

Education yrs.
Mean (SD)

16.1 (2.8)

15.4 (3.2)

14.0 (3.3)

0.042
N-MCI 0.575
N-AD 0.033
MCI-AD 0.170

MMSEc
Mean (SD)

29.3 (0.8)

26.9 (1.9)

23.1 (2.2)

b0.001
N-MCI b0.001
N-AD b0.001
MCI-AD b0.001

FAQd
Median (IQR)e

0 (0)

2 (5.75)

10 (6)

b0.001
N-MCI b0.001
N-AD b0.001
MCI-AD b0.001

a
b
c
d
e

Standard deviation.
Normal subjects.
Mini-mental State Examination.
Functional Activities Questionnaire.
Interquartile range.

114

A. Jiménez-Huete, S. Estévez-Santé / Journal of the Neurological Sciences 378 (2017) 110–119

Table 2
Brain volumetric measurements of the patients according to clinical group. The values correspond to the mean and standard deviation of the volumes normalized by total intracranial volume (see text for details).
Normal (n = 38)

MCI (n = 54)

AD (n = 25)

P adj.a

Intracranial volume (in mL)
Total gray matter

1401 (139)
3757 (244)

1454 (178)
3656 (224)

1389 (167)
3631 (193)

Total white matter
Frontal pole
Frontal ventromedial
Cingulate anterior
Temporal pole

3384 (160)
263 (36)
19.3 (3.6)
57.8 (11.5)
101.4 (12.7)

3339 (190)
250 (30)
19.1 (3.2)
57.1 (8.9)
93.6 (15.2)

3287 (229)
257 (25)
19.0 (2.6)
57.3 (6.5)
93.4 (12.5)

Hippocampus

49.2 (5.6)

44.3 (6.4)

41.7 (5.8)

Parahippocampus anterior

32.9 (4.3)

29.2 (5.2)

27.9 (4.6)

Cingulate posterior

55.6 (6.5)

51.5 (6.5)

50.5 (7.5)

Precuneus

106.8 (12.4)

99.6 (14.4)

95.8 (13.7)

Precentral gyrus
Postcentral gyrus
Calcarine cortex
APL ratioc

137.5 (18.9)
105.8 (19.5)
26.3 (4.5)
0.316 (0.048)

136.1 (14.6)
101.7 (15.2)
25.6 (5.4)
0.341 (0.044)

138.2 (18.8)
106.01 (17.4)
24.3 (6.1)
0.357 (0.046)

PPL ratiod

1.104 (0.128)

1.182 (0.153)

1.249 (0.151)

0.997
0.009
Nb-MCI 0.088
N-AD 0.080
MCI-AD 0.896
0.088
0.074
0.248
0.887
0.034
N-MCI 0.023
N-AD 0.066
MCI-AD 0.998
b0.001
N-MCI b0.001
N-AD b0.001
MCI-AD 0.184
b0.001
N-MCI 0.002
N-AD b0.001
MCI-AD 0.467
0.012
N-MCI 0.013
N-AD 0.010
MCI-AD 0.809
0.001
N-MCI 0.036
N-AD 0.006
MCI-AD 0.475
0.922
0.805
0.180
b0.001
N-MCI 0.027
N-AD 0.002
MCI-AD 0.314
b0.001
N-MCI 0.033
N-AD 0.001
MCI-AD 0.142

a
b
c
d

P value of analysis of covariance adjusted for age, gender and years of education.
Normal controls.
Anteroposterior limbic ratio.
Primary-to-posterior limbic ratio.

mean age of 74.8 years (SD = 7.8) and 38/60 (63.3%) females. The accuracy of the models in this sample was as follows: 1) Normal vs. MCI:
AUC = 0.798, sensitivity = 0.842, speciﬁcity = 0.722. 2) Normal vs.
AD: AUC = 0.897, sensitivity = 0.850, speciﬁcity = 0.842. 3) Normal
vs. Cognitively impaired (MCI plus AD): AUC = 0.762, sensitivity =
0.632, speciﬁcity = 0.895. 4) MCI vs. AD: AUC = 0.688, sensitivity =
0.600, speciﬁcity = 0.750.
4. Discussion
This study shows that the gray matter volume ratios of preserved to
atrophied brain regions in AD may be useful components of the diagnostic models based on MRI-derived volumetric measurements. In particular, the ratios of anterior to posterior limbic structures (APL), and of
primary cortex to posterior limbic regions (PPL), were signiﬁcantly different between normal controls and patients with amnestic MCI or AD.
According to a BMA method of variable selection, these ratios were better predictors of the clinical category than the hippocampal and entorhinal volumes in several contexts.
The brain volumes used in this study were calculated with a fully automated method wrapped in a shell script (gm_extractor). The volume
estimates obtained with this script were highly reliable in test-retest
analyses (r N 0.9). The hippocampal volumes calculated with

gm_extractor and those obtained with two previously validated
methods (FIRST and SNT) were also highly correlated, but showed signiﬁcant differences in absolute values (FIRST N gm_extractor NN SNT).
These data indicate a difference in measurement scales between
gm_extractor and FIRST on one hand, and SNT on the other hand.
Suppa et al. reported a similarly high correlation (r = 0.86) between
FIRST and SNT, but did not report other measures of agreement [23].
The tendency of the automated methods to inﬂate brain volumes in
comparison to the manual methods seems to be a general class effect,
as it has been reported for FIRST, SPM and Freesurfer [19,24,25]. Therefore, the volumes obtained with automated methods may be best understood as the result of speciﬁc measurement protocols, akin to
operational deﬁnitions, and are not directly comparable to the values
obtained applying the strict anatomical deﬁnitions proper of manual
methods. Although manual methods are still considered the gold-standard for brain volumetry, they are time-consuming, require considerable expertise, and depend on strict anatomical deﬁnitions, which
may be controversial [26]. All these factors act as barriers for their widespread use. Automated methods may be better suited for clinical practice [9], and under certain conditions may be even more accurate (e.g.
[27]).
To date, most studies of brain volumetry in patients with amnestic
MCI or AD have focused on the medial temporal lobe. Many authors,
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Precuneus

Fig. 3. Boxplots of the normalized volumes of posterior limbic structures and anteroposterior and primary-to-posterior limbic ratios (APL and PPL) according to clinical group.

using manual methods, automated methods or visual scales, have
shown a signiﬁcant reduction of the volumes of the hippocampus and
the entorhinal cortex in both AD and MCI patients [28–56]. The atrophy
of the hippocampus has been directly related to neuronal loss, and thus
can be considered a marker of neurodegeneration [57]. These differences between groups in hippocampal and entorhinal volumes have
been extensively used to develop diagnostic models. In a hallmark

study, Jack et al. showed the feasibility of performing MR-based volumetric measurements of the temporal lobe [28]. According to their
data, the volumes of both the anterior temporal lobe and the hippocampal formation were smaller in AD patients than in normal controls, but
the hippocampal volumes provided much better separation between
groups. Subsequent studies conﬁrmed the utility of hippocampal
volumetry to distinguish between normal controls and AD patients,

Fig. 4. Boxplots of the normalized volumes of primary cortical regions (upper row) and rostral limbic structures (lower row) according to clinical group.
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Table 3
Logistic regression models designed to differentiate the clinical groups in four contexts.
B

Std. Error (B)

P

Normal vs. MCI
Constant
Age
Gender (Male)
Education
Cingulate anterior
Anteroposterior limbic ratio
AICb = 95.107

2.301
-0.096
1.144
-0.176
-0.193
5.669a

3.453
0.043
0.577
0.091
0.055
1.415

–
0.016
0.040
0.028
b0.001
b0.001

Normal vs. AD
Constant
Age
Education
Hippocampus
Postcentral gyrus
Primary-to-posterior limbic ratio
AIC = 51.640

14.553
-0.155
-0.308
-0.223
-0.074
1.663a

9.425
0.084
0.142
0.088
0.037
0.681

–
0.037
0.021
0.003
0.027
0.002

Normal vs. Cog. Impaired (MCI plus AD)
Constant
2.776
Age
-0.088
Education
-0.136
Cingulate anterior
-0.189
Anteroposterior limbic ratio
5.321a
AIC = 109.960

3.178
0.038
0.074
0.048
1.202

–
0.014
0.045
b0.001
b0.001

MCI vs. AD
Constant
Primary-to-posterior limbic ratio
AIC = 99.379

2.046
0.166

–
0.044

a
b

-4.283
0.289a

Correspond to a change of 0.1 units in the original scale.
Aikake’s Information Criterion.

reporting high rates (90–95%) of overall correct classiﬁcation, sensitivity and speciﬁcity [34–36]. As expected, the accuracy of hippocampal
volumetry decreased when the study population included patients
with MCI. For example, Colliot et al. reported a sensitivity of 75% and a
speciﬁcity of 70% for the distinction between normal subjects and MCI
patients [46], and Chupin et al. reported even lower ﬁgures [48]. Highresolution MRI studies have shown signiﬁcant differences in the pattern
of hippocampal atrophy in patients with AD compared to normal controls, opening the door to new-generation methods based on the hippocampal subﬁelds [58] or the hippocampal shape [59]. In a previous
work, Suppa et al. described a scaling method quite similar to that
used in our APL and PPL ratios, and also based on taking a gray matter
volume as reference [56]. In particular, they used a set of standard
masks for the computation of the gray matter volumes of the left and

Table 4
Diagnostic accuracy of the logistic regression models designed to differentiate the clinical
groups in four contexts.
Normal vs. MCI Normal vs. AD Normal vs. Cog. MCI vs. AD
impaireda
AUCb
(CI)c
Sensitivity
Speciﬁcity
PPVd
NPVe
LRf - positive
LR - negative
Cutoff
(probability)
a
b
c
d
e
f

0.830
(0.733, 0.910)
0.740
0.800
0.841
0.643
3.700
0.325
0.602

0.933
(0.859, 0.988)
0.880
0.914
0.880
0.914
10.267
0.131
0.425

0.833
(0.750, 0.902)
0.720
0.857
0.915
0.588
5.040
0.327
0.727

MCI plus AD patients.
Area under the receiver operating characteristic curve.
Bootstrap conﬁdence interval of 95%.
Positive predictive value.
Negative predictive value.
Likelihood ratio.

0.620
(0.487, 0.753)
0.600
0.630
0.429
0.773
1.620
0.635
0.321

right hippocampus, which then were scaled to the patient's total gray
matter volume. In addition to diagnostic models, several authors have
demonstrated the ability of hippocampal or entorhinal volumetry to
predict the progression of MCI to AD (e.g [10–12].). These studies will
not be discussed further, as we used a cross-sectional design.
The utility of other volumetric variables for the diagnosis of MCI and
AD has also been explored. In a study with Freesurfer, the most useful
variable to discriminate between normal subjects and MCI patients
was the temporal cortex (sensitivity = 90%, speciﬁcity = 93%) [60].
Other authors showed that the volume of the right amygdala was the
most useful variable for AD screening (AUC = 0.972) [61]. A study combining hippocampal volumetry, MR spectroscopy and diffusion-weighted imaging showed that, at 80% speciﬁcity, the most sensitive
measurement to discriminate MCI from AD was the posterior cingulate
gyrus NAA/Cr (67%) [40]. The involvement of other posterior limbic
structures in AD is also well-known, but has been less exploited in diagnostic or predictive volumetric models [61–66]. Finally, other authors
have reported the potential utility of measuring the volumes of the
basal cholinergic system [67] or the corpus callosum [60].
In our study the best model to distinguish normal subjects from patients with MCI included the APL ratio and the anterior cingulate volume. The best model to differentiate normal from cognitively
impaired (MCI plus AD) subjects included the same two variables. In
both contexts the APL ratio was the variable with the highest posterior
probability to be selected by BMA. The AUCs of these models were similar (0.830 and 0.833), and compared favorably to those previously reported. These data indicate that the inclusion of the volumes of
posterior limbic structures other than the hippocampus and the entorhinal cortex, by themselves or within composite variables (such as
the APL and PPL ratios), might improve the diagnostic accuracy of the
resulting models. The inclusion of anterior cingulate volumes in the
models exempliﬁes why it is usually better to avoid bivariate tests for
variable selection in multivariable modeling. The best model to discriminate normal from AD subjects included the hippocampal and
postcentral volumes, and the PPL ratio. In this context, the hippocampal
volume had the highest posterior probability, and the AUC rose to 0.933.
Finally, the volumetric variables did not allow an accurate differentiation of MCI from AD patients. This ﬁnding may be explained by the characteristics of the ADNI database, which includes patients with MCI at all
stages (labeled as early and late MCI), but only early AD cases. Regarding
the external validity of the models, their AUCs when applied to the test
set were slight lower than those observed in the main (training) sample,
except for the MCI vs. AD model. In this context, bootstrap conﬁdence
intervals of AUCs can serve as good guides to the future performance
of the models in new samples (Table 4). Currently we are planning to investigate the ability of models including the APL and PPL ratios to predict the conversion of MCI to AD, and to combine these variables with
other clinical data in the search for better diagnostic tools. In this
work we opted not to include the MMSE and FAQ scores in the models
in order to reduce the risk of incorporation bias and the overly optimistic results associated with this bias [68].
In conclusion, this study shows that the APL and PPL ratios may be
useful components of the models aimed to differentiate normal from
MCI and AD patients. These ratios, and other regional gray matter volumes, were easily and reliably calculated with gm_extractor, a fully automated script based on free-software tools.
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