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Abstract 

Background  Crucial to the success of clinical trials targeting early Alzheimer’s disease (AD) is recruiting participants 
who are more likely to progress over the course of the trials. We hypothesize that a combination of plasma and struc-
tural MRI biomarkers, which are less costly and non-invasive, is predictive of longitudinal progression measured 
by atrophy and cognitive decline in early AD, providing a practical alternative to PET or cerebrospinal fluid biomarkers.

Methods  Longitudinal T1-weighted MRI, cognitive (memory-related test scores and clinical dementia rating scale), 
and plasma measurements of 245 cognitively normal (CN) and 361 mild cognitive impairment (MCI) patients 
from ADNI were included. Subjects were further divided into β-amyloid positive/negative (Aβ+/Aβ−)] subgroups. 
Baseline plasma (p-tau181 and neurofilament light chain) and MRI-based structural medial temporal lobe subregional 
measurements and their association with longitudinal measures of atrophy and cognitive decline were tested using 
stepwise linear mixed effect modeling in CN and MCI, as well as separately in the Aβ+/Aβ− subgroups. Receiver oper-
ating characteristic (ROC) analyses were performed to investigate the discriminative power of each model in separat-
ing fast and slow progressors (first and last terciles) of each longitudinal measurement.

Results  A total of 245 CN (35.0% Aβ+) and 361 MCI (53.2% Aβ+) participants were included. In the CN and MCI 
groups, both baseline plasma and structural MRI biomarkers were included in most models. These relationships were 
maintained when limited to the Aβ+ and Aβ− subgroups, including Aβ− CN (normal aging). ROC analyses demon-
strated reliable discriminative power in identifying fast from slow progressors in MCI [area under the curve (AUC): 
0.78–0.93] and more modestly in CN (0.65–0.73).

Conclusions  The present data support the notion that plasma and MRI biomarkers, which are relatively easy 
to obtain, provide a prediction for the rate of future cognitive and neurodegenerative progression that may be par-
ticularly useful in clinical trial stratification and prognosis. Additionally, the effect in Aβ− CN indicates the potential use 
of these biomarkers in predicting a normal age-related decline.
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Background
Curing Alzheimer’s disease (AD) and related dementias 
(ADRD) is one of the great challenges of our generation. 
It is generally accepted that interventions are likely to be 
most effective early in the disease course when symp-
toms are minimal, if present at all [1]. Therefore, the 
early phases of AD, i.e., preclinical or prodromal stages, 
are of particular interest to AD pharmaceutical research 
and clinical trials. Disrupting AD progression during this 
phase is likely to offer greater benefit to patients than 
interventions in later phases when extensive neurodegen-
eration (neuron and synapse loss) has already taken place 
with accompanying severe cognitive symptoms. One cru-
cial aspect of the success of clinical trials that target early 
AD is to recruit participants that are more likely to pro-
gress over the course of the trials to maximize the chance 
of detecting a treatment effect. Hence, developing highly 
sensitive and specific baseline biomarkers for early AD 
that are predictive of longitudinal disease progression in 
a relatively short follow-up time frame (i.e., 5 years) will 
have important utility in the screening of clinical trials 
and participant recruitment in research studies.

Positron emission tomography (PET)- and cerebrospi-
nal fluid (CSF)-based biomarkers of AD-related molecu-
lar pathology and neurodegeneration have proven to be 
useful in predicting a decline in preclinical and prodro-
mal phases of AD [2–12]. However, blood-based bio-
markers of β-amyloid (Aβ) [13, 14], p-tau [15–17], and 
neurodegeneration [18, 19] and structural MRI measure-
ments [20, 21] may be more feasible in clinical trials and, 
eventually, practice due to convenience and cost. Prior 
research has demonstrated the prognostic value of these 
two kinds of biomarkers independently. Using structural 
MRI, a large number of studies have successfully pre-
dicted mild cognitive impairment (MCI) to dementia 
progression [22–24] and in predicting cognitive decline 
in MCI and/or AD dementia [2, 4, 24, 25], which have 
been comprehensively summarized in Weiner et al. [26]. 
Using MRI in cognitively normal individuals, investiga-
tors have shown that detailed measures of the medial 
temporal lobe (MTL) [27–31] and prefrontal cortex [32] 
were predictive of the development of MCI or the pres-
ence of amyloid pathology measured by CSF β-amyloid 
markers [33–35]. In studies focused on blood-based 
biomarkers, Cullen et al. demonstrated the combination 
of various plasma measurements, including Aβ42/40, 
p-tau217, and neurofilament light (NfL) chain, was predic-
tive of cognitive decline and subsequent development of 
AD dementia (follow-up time: 4.75 years) in cognitively 
normal elderly subjects [36]. Similarly, Rauchmann et al. 
found that baseline plasma p-tau181 and NfL were associ-
ated with cognitive performance in 5.8 years of follow-up 
and also predictive of PET Aβ and tau load [37].

Despite their promise, both MRI and plasma bio-
markers have their own limitations. Structural MRI is 
not specific to AD pathology and may be susceptible 
to non-disease factors, such as developmental factors. 
On the other hand, blood-based biomarkers only pro-
vide a summary measurement and lack spatial speci-
ficity. Given the pros and cons, their combination has 
the potential to yield a better biomarker of disease 
progression by providing complementary information 
in prediction, which has not been fully investigated. 
As MRI is a standard clinical test in the assessment 
of cognitive impairment and blood draws are easy 
to obtain, this would offer a particularly appeal-
ing approach to prediction. One relevant study by 
Palmqvist et al. [38] demonstrated that a combination 
of baseline plasma (p-tau and NfL), MRI-based struc-
tural measures, and cognition was predictive of future 
progression to AD in individuals with subjective cog-
nitive decline and MCI patients. However, there is 
some circularity in the inclusion of baseline cognitive 
measures, and they did not investigate the prognostic 
value of structural MRI and plasma biomarkers alone. 
In addition, it is also unclear the degree to which these 
measures would be predictive of cognitive decline in 
those outside the AD continuum (without evidence of 
cerebral amyloid). In particular, non-specific meas-
ures such as NfL and MRI may allow for the predic-
tion of future neurodegeneration and decline which 
might reflect normal aging or incipient non-AD neu-
rodegenerative conditions.

In this study, we hypothesize that a combination of 
structural measurements of MTL subregions extracted 
from structural MRI and common plasma biomark-
ers, such as plasma p-tau181 and NfL, is predictive of 
imminent longitudinal disease progression measured 
by atrophy and cognitive decline, providing a more fea-
sible solution. Since the focus of the current study is on 
early AD, the analyses were performed in cognitively 
normal (CN) individuals and MCI patients. In addition, 
we analyzed both Aβ positive and negative subgroups 
to investigate the predictive value in subjects outside 
the AD continuum.

Methods
Participants
Longitudinal 3T T1-weighted MRI, longitudinal cog-
nitive measurements, and baseline plasma measures 
(p-tau181 and NfL) of 286 CN and 439 MCI subjects 
from the Alzheimer’s Disease Neuroimaging Initiative 
(ADNI) GO and ADNI 2 were included in this study. 
The two groups were further dichotomized by Aβ sta-
tus of each participant, determined by thresholding 
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the summary standardized uptake value ratio (SUVR) 
derived from florbetapir PET1 at baseline (available 
publicly in the processed data on the ADNI website) 
with a threshold of 1.11 [39]. Details of the ADNI study 
are provided in Supplementary Material S1. All ethi-
cal safeguards and protocols regarding human subjects 
have been followed.

Neuroimaging data acquisition and processing
Imaging data acquisition
The MRI scans were acquired from different scanners at 
multiple sites. Up-to-date information about MRI imag-
ing protocols can be found at adni.loni.usc.edu/methods/
mri-tool/mri-analysis. For florbetapir PET, images were 
acquired for 20 min (4 frames of 5-min duration) after 
a 50-min uptake phase following injection of 10 mCi 
of tracer. Further detail on the PET acquisition is avail-
able at adni.loni.usc.edu/methods/pet-analysis-method/
pet-analysis.

Baseline MRI measurements of the MTL
Subregions of the MTL, including the anterior/posterior 
hippocampus, entorhinal cortex (ERC), Brodmann areas 
(BA) 35 and 36, and parahippocampal cortex (PHC), 
were automatically segmented in baseline MRI using a 
tailored pipeline [40, 41], automatic segmentation of hip-
pocampal subfields-T1 (ASHS-T1)2, that overcomes cru-
cial limitations of conventional approaches that are often 
optimized for whole-brain analysis. Volume measures of 
the anterior/posterior hippocampus were directly com-
puted from the automatic segmentation. Thickness meas-
urements of the MTL cortical subregions (ERC, BA35, 
BA36, and PHC) were extracted by applying a graph-
based multi-template thickness analysis pipeline [42, 43] 
to the automatic segmentation. In addition, intracranial 
volume (ICV) was obtained from the structural MRI 
using an in-house segmentation software together with 
ASHS as described in [40].

Longitudinal structural MRI marker of disease progression
In our prior study [44], we found that annualized vol-
ume change of BA35 is among the best measures in 
discriminating patients in early phases of AD (includ-
ing preclinical and early prodromal AD) from Aβ− con-
trols. Therefore, we used this measurement, extracted 
using the same pipeline in [44], as a proxy of progressive 
neurodegeneration in this study. In brief, the Automatic 

Longitudinal Hippocampal Atrophy (ALOHA) software 
[45] was first applied to all pairs of baseline follow-up 
longitudinal MRI scans with the baseline BA35 segmen-
tation to unbiasedly estimate the BA35 volume of all sub-
sequent MRI scans. Then, a linear model was fitted to the 
BA35 volume measures of each subject to derive BA35 
volume atrophy rate, which was then divided with the 
baseline BA35 volume to generate a relative volume atro-
phy rate (in %/year). Bilateral measurements were aver-
aged to increase reliability. We considered longitudinal 
MRI scans within a 5-year follow-up in this study.

Quality control
Comprehensive quality control (details in Supplemen-
tary Material S2) was performed to ensure the quality of 
the baseline and longitudinal BA35 volume change rate 
measurements. In total, 12 CN and 19 MCI subjects were 
excluded from the analysis.

Longitudinal cognitive data processing
To assess cognitive decline, an important marker of dis-
ease progression, we included publicly available longi-
tudinal data of an ADNI summary memory measure 
[ADNI-MEM, which integrates data from the Rey Audi-
tory Verbal Learning Test (RAVLT), AD Assessment 
Schedule - Cognition (ADAS-Cog), Mini-Mental State 
Examination (MMSE), and Logical Memory data, details 
in [46] and the Clinical Dementia Rating Scale Sum of 
Boxes (CDR-SOB). ADNI-MEM was chosen as a meas-
ure of cognitive decline because the current study focuses 
on the MTL and the early phases of AD. Since the logi-
cal memory delayed recall (LDEL) score itself (a cogni-
tive test score that is used to compute ADNI-MEM) has 
been shown to be sensitive to early AD [47], longitudinal 
LDEL was additionally included as a marker of longitu-
dinal cognitive decline in a supplementary analysis (Sup-
plementary Table S2). The longitudinal cognitive change 
rate was computed using linear modeling in the same 
manner as the measurement of BA35 volume change 
(the “Longitudinal structural MRI marker of disease pro-
gression” section). Different from BA35 volume change, 
which is a relative change measure (in %/year), the abso-
lute change rate was computed for cognitive measures 
as no improvement was found in discriminating disease 
groups when using relative measurements in our prior 
study [44]. Consistent with the longitudinal MRI meas-
urements, data points in a 5-year follow-up were used to 
compute longitudinal cognitive change.

To be noted, longitudinal cognitive and structural MRI 
markers extracted above were used in the receiver oper-
ating characteristic (ROC) and univariate analyses (Sup-
plementary Material S3) but were not used in stepwise 
linear mixed effect modeling (where raw longitudinal 

1  Full description of florbetapir PET can be found at this website: adni.bit-
bucket.io/reference/docs/UCBERKELEYAV45/ADNI_AV45_Methods_Jag-
ustLab_06.25.15.pdf
2  https://​sites.​google.​com/​view/​ashs-​dox/

https://sites.google.com/view/ashs-dox/
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measurements were used). Details of the statistical analy-
ses are provided in the “Statistical analysis” section.

In addition, since structural atrophy and cognitive 
decline within a year may be too small to detect in early 
phases, longitudinal change measures of participants 
who had no measurements after 1-year follow-up would 
likely not be reliable. Therefore, subjects that only have 
data points within 1-year follow-up (including 1-year 
follow-up) for all the three longitudinal measurements 
(BA35, ADNI-MEM, and CDR-SOB) were excluded 
(additional 24 CN and 58 MCI subjects).

Plasma p‑tau181 and NfL data processing
Plasma p-tau181 and NfL data are publicly available from 
the ADNI database. Details of the acquisition and analy-
sis are available at the ADNI website, http://​adni.​loni.​usc.​
edu. Extreme outliers that were more than six standard 
deviations (SD) from the mean of the whole study pop-
ulation were identified and excluded from the analysis 
(plasma p-tau181: 2 CN; plasma NfL: 1 CN and 1 MCI).

Statistical analysis
In total, 41 CN and 78 MCI subjects were excluded, 
leaving 245 CN and 361 MCI in the final analysis. All 

statistical tests were two-sided and were conducted in R 
(http://​www.r-​proje​ct.​org). In each diagnostic group (CN 
and MCI) and the corresponding Aβ+/Aβ− subgroups, 
stepwise linear mixed effect modeling (lme4 package in 
R) was performed to identify the subset of baseline struc-
tural MRI and plasma measurements that yields the opti-
mal model in predicting the longitudinal change of BA35 
volume, ADNI-MEM, and CDR-SOB. In this analysis, 
raw longitudinal measurements were used. In particular, 
the modeling consisted of the following steps:

(1)	 A base linear mixed effect model was fitted with 
baseline age, sex, education, APOE ɛ4 status (car-
rier or non-carrier), and ICV as fixed effects and 
with a random intercept and a random slope for 
the time from baseline for each subject as random 
effects.

(2)	 Baseline structural MRI and plasma measurements 
were added to the model iteratively with only one 
of them added in each iteration: In each iteration, 
each one of the remaining baseline measurements 
was added separately to the previous model derived 
from the last iteration (an interaction term of the 
one baseline measure with time from baseline was 

Table 1  Characteristics of the normal controls (CN) and mild cognitive impairment (MCI) participants as well as the Aβ− and Aβ+ 
subgroups from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) in this study

Abbreviations: Aβ−/Aβ+ = β-amyloid negative/positive, CN = cognitive normal controls, Edu = years of education, MCI = mild cognitive impairment, MMSE = Mini-
Mental State Examination, ADNI-MEM = ADNI summary memory scores, CDR-SOB = clinical dementia rating sum-of-boxes, Diff = difference, APOE ɛ4 +/− = APOE 
ɛ4 gene carrier/non-carrier, AHippo/PHippo = anterior/posterior hippocamus, ERC = entorhinal cortex, BA35/BA36 = Brodmann area 35/36, PHC = parahippocampal 
cortex, Vol = volume, Thk = thickness, NfL = neurofilament light chain, p-tau = phosphorylated tau.

CN MCI

Aβ− Aβ+ All Aβ− Aβ+ All

Number of subjects 158 85 245 168 191 361

Age (years) 72.2 (6.3) 74.8 (5.7) 73.2 (6.2) 69.7 (7.5) 73.3 (6.8) 71.6 (7.3)

Sex (M/F) 83/75 28/57 113/132 91/77 109/82 201/160

Edu (years) 17.1 (2.3) 16.2 (2.7) 16.8 (2.5) 16.4 (2.4) 16.0 (2.8) 16.2 (2.6)

APOE ɛ4 +/− 35/123 40/45 76/169 41/127 128/63 169/192

MMSE 29.1 (1.3) 29.1 (1.0) 29.0 (1.3) 28.6 (1.4) 27.6 (1.8) 28.1 (1.7)

ADNI-MEM 1.13 (0.60) 0.95 (0.56) 1.06 (0.59) 0.63 (0.62) 0.12 (0.63) 0.35 (0.68)

CDR-SOB 0.04 (0.14) 0.08 (0.20) 0.05 (0.16) 1.29 (0.81) 1.56 (0.92) 1.44 (0.88)

AHippo Vol (mm3) 1744 (263) 1668 (245) 1720 (259) 1682 (295) 1620 (285) 1651 (293)

PHippo Vol (mm3) 1659 (198) 1624 (178) 1648 (192) 1607 (216) 1505 (220) 1555 (225)

ERC Thk (mm) 2.03 (0.16) 2.01 (0.16) 2.02 (0.16) 2.00 (0.20) 1.97 (0.18) 1.98 (0.19)

BA35 Thk (mm) 2.36 (0.16) 2.31 (0.18) 2.35 (0.17) 2.32 (0.21) 2.26 (0.21) 2.29 (0.21)

BA36 Thk (mm) 2.42 (0.23) 2.41 (0.22) 2.42 (0.23) 2.37 (0.26) 2.36 (0.23) 2.37 (0.24)

PHC Thk (mm) 2.15 (0.12) 2.16 (0.17) 2.15 (0.14) 2.16 (0.16) 2.12 (0.15) 2.14 (0.16)

Plasma p-tau181 (pg/ml) 14.9 (11.3) 16.9 (7.4) 15.5 (10.1) 13.4 (8.8) 22.0 (12.8) 17.9 (11.8)

Plasma NfL (pg/ml) 32.4 (13.5) 25.7 (13.2) 33.5 (13.4) 33.2 (16.5) 41.2 (16.4) 37.4 (16.9)

Longitudinal structural MRI date Diff (years) 3.3 (1.1) 3.2 (1.2) 3.3 (1.1) 3.2 (1.1) 2.9 (1.2) 3.1 (1.1)

Longitudinal ADNI-MEM date Diff (years) 3.6 (0.9) 3.5 (1.0) 3.5 (1.0) 3.7 (0.8) 3.4 (1.0) 3.6 (0.9)

Longitudinal CDR-SOB date Diff (years) 3.5 (0.9) 3.5 (0.9) 3.5 (0.9) 3.7 (0.8) 3.5 (0.9) 3.6 (0.8)

http://adni.loni.usc.edu
http://adni.loni.usc.edu
http://www.r-project.org
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Table 2  Results of the stepwise linear mixed effect modeling analyses in the all CN and all MCI groups (top), together with Aβ+ 
(middle) and Aβ− (bottom) subgroups. Variables that were fixed in the model: age, sex, education, intracranial volume, and APOE ɛ4 
status. Variables to be selected: baseline structural MRI measurements (highlighted in blue) and baseline plasma measurements (NfL 
and p-tau181, highlighted in orange)
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added). The one baseline measurement that yielded 
the most significant improvement in terms of the 
Akaike Information Criterion (AIC) was perma-
nently added to the current model, which is the cur-
rent best model for the next iteration. The selected 
one baseline measurement was removed from the 
pool of remaining candidate measures for the next 
iteration.

(3)	 If none of the remaining baseline measurements 
significantly improved the model derived from 
the previous iteration, the iterative process was 
stopped, and the current best model was consid-
ered the final best model.

Before inputting to the model in each analysis, each 
baseline measurement was standardized by subtract-
ing the mean and dividing by the standard deviation of 
the subjects in the corresponding analysis. In total, 15 
final models were generated: 6 models for BA35 volume 
change (one of each group of all CN, Aβ− CN, Aβ+ CN, 
all MCI, Aβ− MCI, and Aβ+ MCI), 6 models for ADNI-
MEM change, and 3 models for CDR-SOB change (one 
for each group of all MCI, Aβ− MCI, and Aβ+ MCI). 
Analyses were not performed for the all CN, Aβ− CN, 
and Aβ+ CN groups for CDR-SOB change as the meas-
urements of more than half of the subjects remained 
unchanged in the 5-year follow-up time.

In addition, to investigate the power of the selected 
baseline measurements in discriminating the fast and the 
slow progressors (defined by the first and last terciles in 
each group/subgroup using the longitudinal measure-
ments in the “Longitudinal structural MRI marker of 
disease progression” and “Longitudinal cognitive data 
processing” sections), logistic regression analyses were 
performed with a binary label of fast/slow progressors as 
a dependent variable; the selected biomarkers in the cor-
responding final best models as independent variables; 
and age, sex, education, APOE ɛ4 status, ICV as covari-
ates. Then, for each model, the receiver operating char-
acteristic (ROC) analysis was performed, and the area 
under the curve (AUC) was reported (full model). For 
comparisons, each of these analyses was repeated with 
the following model settings: (1) model with only covari-
ates (demographic, ICV, and APOE ɛ4 status), referred to 
as the base model; (2) model with the selected baseline 

plasma measures identified in the corresponding step-
wise mixed effect modeling added on top of the base 
model, referred to as plasma model; and (3) model with 
the selected baseline structural MRI measures added on 
top of the base model, referred to as the MRI model.

For completeness, univariate analysis (partial correla-
tion between each baseline and each longitudinal meas-
urements, with the same set of covariates) was performed 
to investigate the predictive value of each baseline meas-
urement to disease progression, summarized in Supple-
mentary Material S3.

Standard protocol approvals, registrations, and patient 
consents
All research activities were approved by the Institutional 
Review Boards (IRB) at the participating study sites. Par-
ticipants provided written informed consent.

Results
The characteristics of the remaining subjects (606 in 
total) of each group/subgroup at baseline are summa-
rized in Table  1. The results of stepwise linear mixed 
effect modeling and the ROC analysis are summarized in 
Table 2 and Figs. 1, 2, and 3 and described in detail below.

Significant baseline predictors
In the all CN or all MCI groups, as shown in Table  2 
(top), both baseline plasma and structural MRI biomark-
ers were consistently selected by almost all the models 
(except for predicting ADNI-MEM change in the all CN 
group). Similar results, albeit with some differences in 
the selected predictors, were observed in the Aβ+ MCI 
subgroup (Table 2, middle). Alternatively, in the Aβ+ CN 
group, baseline plasma p-tau181 alone was selected. In the 
Aβ− subgroups (Table 2, bottom), structural MRI meas-
ures were selected in 4 out of 5 models, and plasma NfL, 
a measure of neurodegeneration, was included in 2 out 
of the 5 models. Neither plasma nor MRI measures pro-
vided additional information in predicting ADNI-MEM 
change in Aβ− CN. We note that structural MRI meas-
urements were included in most of the models, and BA35 
thickness was the most commonly selected measure-
ment (was included in 8 out of 15 final models). Impor-
tantly, when comparing the selected plasma measures in 
the Aβ+ and Aβ− subgroups, plasma p-tau181 was only 

(See figure on next page.)
Fig. 1  Receiver-operating characteristic (ROC) analyses results of models using both (light blue), either (dark green and red), and none (yellow) 
of the (baseline model) baseline structural MRI and plasma measurements in the all CN and all MCI groups. Subplots that have less than four 
lines indicate the corresponding final model did not select both the baseline structural MRI and plasma measurements. Abbreviations: MCI, mild 
cognitive impairment; CDR-SOB, Clinical Dementia Rating Sum-of-Boxes; BA35, Brodmann area 35; AUC, area under the curve; ADNI-MEM, ADNI 
summary memory scores. 1Since the CDR-SOB longitudinal change in most of the all CN subjects (148 out of 248) is equal to 0.0/year, performing 
linear mixed effect modeling is not appropriate
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Fig. 1  (See legend on previous page.)
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selected in the Aβ+ subgroups, and plasma NfL was only 
selected in the Aβ− ones. The results of LDEL in Sup-
plementary Table S2 were similar to that of ADNI-MEM 
with a difference in the Aβ− CN group, in which para-
hippocampal cortex thickness was selected in the final 
model for LDEL while none of the baseline measure-
ments was included for ADNI-MEM.

Distinguishing the fast and slow progressors
The ROC curves in Fig. 1 consistently demonstrate that 
the combination of both the selected baseline plasma and 
structural MRI measurements have the largest AUC (in 
absolute terms) in identifying the fast from the slow pro-
gressors (the first and last terciles of each longitudinal 
measurement) compared to models using either of these 
biomarkers alone, as well as base models with only demo-
graphic, ICV, and APOE ɛ4 information. As expected, the 
AUCs in the MCI groups are larger than those in the CN 
groups. The results are similar in the Aβ− and Aβ+ sub-
groups (Figs. 2 and 3).

Discussion
The aim of this study was to test the hypothesis that 
a combination of cross-sectional structural MRI and 
plasma biomarkers would be predictive of early AD-
associated near-term disease progression, which would 
fall within the timeframe of potential clinical trials. The 
present findings demonstrated that baseline plasma 
and structural MRI biomarkers provided complemen-
tary information in predicting longitudinal atrophy and 
cognitive decline in controls and MCI (Table  2, Fig.  1). 
These relationships were maintained, albeit with some 
differences in selected predictors, when limited to Aβ+ 
(preclinical and prodromal AD; Table  2, middle Fig.  2). 
However, in the Aβ− subgroups (Table 2, bottom; Fig. 3), 
plasma measures were only included in two models (NfL 
in predicting ADNI-MEM and CDR-SOB in Aβ− MCI), 
but most included structural measures as well. This find-
ing is consistent with the notion that non-specific meas-
ures of neurodegeneration (MRI, plasma NfL), may be 
sensitive to non-AD related longitudinal change in the 
brain structure and cognition while more AD-specific 
measures (plasma p-tau181) are predictive of progression 
within the AD continuum. In addition, ROC analysis of 

each model showed that the proposed biomarkers were 
able to discriminate fast and slow progressors (the first 
and last terciles) with AUCs ranging from 0.78 to 0.93 in 
MCI and 0.65 to 0.73 in CN.

Predicting disease progression with baseline plasma 
and structural MRI biomarkers
Baseline plasma and structural MRI biomarkers were 
both included in the majority of the models (9 out of 15 
final stepwise linear mixed effect models) supporting the 
hypothesis that molecular and structural MRI biomark-
ers provide complementary information in predicting 
imminent disease progression, which, in part, is consist-
ent with that shown in Palmqvist et al. [38] This phenom-
enon was more commonly observed in models associated 
with MCI (8 out of 9 final models). When targeting CN, 
plasma and structural MRI measures were both included 
when considering the entire group, again supporting 
a complementary nature. However, in the preclinical 
phase (Aβ+ CN), only the p-tau181 plasma measure was 
predictive of progression while for age-related decline 
(Aβ− CN), only a structural measure provided additional 
prediction beyond the base model.

Plasma p-tau181 was commonly included in mod-
els for the whole cohort and the Aβ+ subgroups, but 
not included in models for Aβ− ones. This is consist-
ent with the fact that plasma p-tau181 is the only AD-
specific biomarker included in these analyses. As 
neurofibrillary tangle pathology is the primary driver 
of neurodegeneration and cognitive decline in the AD 
continuum, it is not surprising that p-tau levels (likely 
related to NFT burden) would be predictive of decline 
in those with likely AD pathology (Aβ+). Structural 
MRI and plasma NfL measure brain injury that could 
be due to a number of non-AD neurodegenerative con-
ditions and even “normal” brain aging and, thus, may 
be better in predicting further atrophy and cognitive 
decline in Aβ− subjects.

The results of this study are consistent with prior 
work showing that combinations of biomarkers includ-
ing structural MRI and CSF or PET provide better pre-
diction than these measures alone in both MCI [2–6] 
and CN [7–10, 12] cohorts. However, a combination 
of structural MRI and plasma biomarkers, rather than 

Fig. 2  Receiver-operating characteristic (ROC) analysis results of models using both (light blue), either (dark green and red), and none (yellow) 
of the (baseline model) baseline structural MRI and plasma measurements in the Aβ+ CN and Aβ+ MCI subgroups. Subplots that have less than four 
lines indicate the corresponding final model did not select both the baseline structural MRI and plasma measurements. Abbreviations: MCI, mild 
cognitive impairment; CDR-SOB, Clinical Dementia Rating Sum-of-Boxes; BA35, Brodmann area 35; AUC, area under the curve; ADNI-MEM, ADNI 
summary memory scores. 1Since the CDR-SOB longitudinal change in most of the Aβ+ CN subjects (39 out of 85) is equal to 0.0/year, performing 
linear mixed effect modeling is not appropriate

(See figure on next page.)
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Fig. 2  (See legend on previous page.)
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CSF-based ones, is more feasible in clinical trials and 
particularly clinical practice, as plasma biomarkers are 
non-invasive and less expensive.

Effectiveness in identifying fast and slow progressors
Enriching cohorts with at-risk individuals is crucial 
for clinical trials targeting early AD, especially in the 
preclinical phase. Hence, biomarkers that can iden-
tify fast and slow progressors will play a significant 
role in future drug and treatment development. The 
results shown in Figs. 1 and 2 demonstrate that the pro-
posed combined plasma and structural MRI biomarker 
achieved 0.89–0.93 AUCs in discriminating fast (first 
tercile) and slow (last tercile) progressors in the all MCI 
cohort and 0.85–0.88 AUCs in Aβ+ MCI, providing a 
reliable criterion. In all CN and Aβ+ CN (preclinical 
AD), the AUC values were more modest (0.66–0.71 
and 0.68–0.73, respectively) but indicate the proposed 
biomarker(s) would provide meaningful benefit in iden-
tifying high-risk cognitively unimpaired individuals. In 
addition, the combined biomarkers consistently outper-
formed the individual ones in most tasks (in absolute 
terms, Figs. 1, 2, and 3), which echoes the claim about 
the two types of biomarkers being complementary.

Potential use of structural MRI biomarkers in predicting 
normal aging‑related decline
From the results of Aβ− CN (Table  2 bottom), i.e., nor-
mal aging, we observed baseline BA35 thickness signifi-
cantly predicted longitudinal BA35 atrophy (β = 0.99, p = 
2.8 × 10−3). Although none of the baseline measures was 
selected in the final model when predicting ADNI-MEM 
(Table 2 bottom), we did find, in a supplementary analysis 
(Supplementary Table  S2 bottom), parahippocampal cor-
tex thickness was predictive of the decline of logical mem-
ory delayed recall score, a cognitive memory test score that 
has been shown to be sensitive to early AD [47]. These 
results indicate that our structural MRI biomarkers, gener-
ated using a tailored pipeline, are predictive of brain atro-
phy and may be sensitive to cognitive decline not only in 
the AD continuum but also in presumably “normal” aging. 

However, it is worth noting that one driver of disease pro-
gression in non-AD (Aβ−) CN adults may be primary age-
related tauopathy, or PART, in which neurofibrillary tangles 
accumulate in the absence of amyloid [11]. So, it would at 
least be conceivable that plasma p-tau181 might be related 
to BA35 atrophy (as it is the first region of NFTs) and cog-
nitive decline in amyloid-negative individuals, as has been 
observed with both CSF p-tau181 [48–51] and tau PET 
studies. This may suggest a reduced sensitivity of plasma 
p-tau to PART. Regardless, the proposed structural MRI 
biomarker may identify older adults that are more or less 
likely to suffer significant age-associated decline (Fig.  3), 
providing a potential marker for future studies on normal 
aging and super-agers.

Limitations and future work
There are several limitations in this study. First, only two 
plasma measurements, i.e., plasma p-tau181 and NfL, were 
included in the current analyses. In future work, adding in 
other promising plasma measures, such as plasma p-tau217 
[16], which may be more sensitive to earlier AD pathology 
than p-tau181, and glial fibrillary acidic protein may fur-
ther increase the predictive power of the combined bio-
marker. Second, although structural MRI measurements 
were consistently included in most models, the most pre-
dictive measures varied (BA35 thickness 8 times, poste-
rior hippocampal volume 6 times, anterior hippocampal 
volume 2 times, ERC thickness 1 time, and BA36 thick-
ness 1 time) in different models, making the specificity of 
the MTL effects difficult to interpret. A summary value 
derived from all the MTL subregional measurements using 
event-based modeling may provide a more consistent and 
sensitive measurement, which will be investigated in future 
work. Additionally, future work will need to validate these 
findings in other independent datasets. Nonetheless, the 
present data support the notion that plasma and struc-
tural MRI biomarkers provide a prediction of the rate of 
future cognitive and neurodegenerative progression that 
may be particularly useful in clinical trial stratification and 
prognosis.

(See figure on next page.)
Fig. 3  Receiver-operating characteristic (ROC) analyses results of models using both (light blue), either (dark green and red), and none (yellow) 
of the (baseline model) baseline structural MRI and plasma measurements in the Aβ− CN and Aβ− MCI subgroups. Subplots that have less than four 
lines indicate the corresponding final model did not select both the baseline structural MRI and plasma measurements. Abbreviations: MCI, mild 
cognitive impairment; CDR-SOB, Clinical Dementia Rating Sum-of-Boxes; BA35, Brodmann area 35; AUC, area under the curve; ADNI-MEM, ADNI 
summary memory scores. 1Since the CDR-SOB longitudinal change in most of the Aβ− CN subjects (108 out of 161) is equal to 0.0 /year, performing 
linear mixed effect modeling is not appropriate
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Fig. 3  (See legend on previous page.)
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The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s13195-​023-​01210-z.

Additional file 1: S.1. Alzheimer’s Disease Neuroimaging Initiative 
(ADNI) study. S.2. Quality control of MRI image processing. S.3. Univariate 
analysis between baseline and longitudinal measurements. Table S1. 
Partial correlation, controlling for age, sex, education, APOE ɛ4 status and 
intracranial volume, between each baseline structural MRI and plasma 
biomarker and each longitudinal measurement. Correlations with p value 
less than 0.05 are highlighted in red background. Fig. S1. Scatter plots of 
baseline posterior hippocampal volume and all longitudinal measure-
ments, corrected for age, sex, education, APOE ɛ4 status and intracranial 
volume. Abbreviations: CN = cognitive normal controls; MCI = mild 
cognitive impairment; CDR-SOB: clinical dementia rating sum-of-boxes; 
ADNI-MEM = ADNI summary memory score; BA35 = Brodmann area 
35. Fig. S2. Scatter plots of baseline BA35 thickness and all longitudinal 
measurements, corrected for age, sex, education, APOE ɛ4 status and 
intracranial volume. Abbreviations: CN = cognitive normal controls; MCI = 
mild cognitive impairment; CDR-SOB: clinical dementia rating sum-of-
boxes; ADNI-MEM = ADNI summary memory score; BA35 = Brodmann 
area 35. Fig. S3. Scatter plots of baseline plasma NfL and all longitudinal 
measurements, corrected for age, sex, education, APOE ɛ4 status and 
intracranial volume. Abbreviations: CN = cognitive normal controls; MCI = 
mild cognitive impairment; CDR-SOB: clinical dementia rating sum-of-
boxes; ADNI-MEM = ADNI summary memory score; BA35 = Brodmann 
area 35; NfL = neurofilament light chain. Fig. S4. Scatter plots of baseline 
plasma p-tau181 and all longitudinal measurements, corrected for age, 
sex, education, APOE ɛ4 status and intracranial volume. Abbreviations: CN 
= cognitive normal controls; MCI = mild cognitive impairment; CDR-SOB: 
clinical dementia rating sum-of-boxes; ADNI-MEM = ADNI summary 
memory score; BA35 = Brodmann area 35; p-tau = phosphorylated tau. 
Table S2. Results of the stepwise linear mixed effect modeling analyses 
for logical memory delayed recall (LDEL) in the All CN and All MCI groups 
(top), together with Aβ+ (middle) and Aβ- (bottom) subgroups. Variables 
that were fixed in the model: age, sex, education, intracranial volume and 
APOE ɛ4 status. Variables to be selected: baseline structural MRI measure-
ments (highlighted in blue) and baseline plasma measurements (NfL and 
p-tau181, highlighted in orange).

Acknowledgements
Data used in the preparation of this article were obtained from the Alzheimer’s 
Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). As such, 
the investigators within the ADNI contributed to the design and implementa-
tion of ADNI and/or provided data but did not participate in the analysis or 
writing of this report. A complete listing of ADNI investigators can be found 
at http://​adni.​loni.​usc.​edu/​wp-​conte​nt/​uploa​ds/​how_​to_​apply/​ADNI_​Ackno​
wledg​ement_​List.​pdf.

Authors’ contributions
LX: drafting/revision of the manuscript for content, including medical writ-
ing for content, study concept or design, analysis or interpretation of the 
data, and review of the manuscript. SRD: study concept or design, analysis 
or interpretation of the data, and review of the manuscript. LEMW: study 
concept or design, analysis or interpretation of the data, and review of the 
manuscript. RI: analysis or interpretation of the data; additional contributions: 
data organization and processing; and review of the manuscript. RdF: analysis 
or interpretation of the data, dataset quality control, and review of the manu-
script. LMS: analysis or interpretation of the data and review of the manuscript. 
PAY: study concept or design, analysis or interpretation of the data, provide 
funding for this project, and review of the manuscript. DAW: drafting/revision 
of the manuscript for content, including medical writing for content, study 
concept or design, analysis or interpretation of the data, provision of funding 
for this project, and review of the manuscript. The authors read and approved 
the final manuscript.

Funding
This work was supported by the National Institute of Health (NIH) (grant 
numbers R01-AG056014, R01-AG040271, P30-AG010124, R01-EB017255, 
R01-AG055005, R01-AG070592, RF1-AG069474), MultiPark - A Strategic 
Research Area at Lund University (L.E.M.W.), and Foundation Philippe Chatrier 
(R.d.F.).
Data collection and sharing for this project was funded by the Alzheimer’s 
Disease Neuroimaging Initiative (ADNI) (National Institutes of Health Grant 
U01 AG024904) and DOD ADNI (Department of Defense award number 
W81XWH-12-2-0012). ADNI is funded by the National Institute on Aging, the 
National Institute of Biomedical Imaging and Bioengineering, and through 
generous contributions from the following: AbbVie, Alzheimer’s Association; 
Alzheimer’s Drug Discovery Foundation; Araclon Biotech; BioClinica, Inc.; 
Biogen; Bristol-Myers Squibb Company; CereSpir, Inc.; Cogstate; Eisai Inc.; 
Elan Pharmaceuticals, Inc.; Eli Lilly and Company; EuroImmun; F. Hoffmann-La 
Roche Ltd and its affiliated company Genentech, Inc.; Fujirebio; GE Healthcare; 
IXICO Ltd.; Janssen Alzheimer Immunotherapy Research & Development, LLC.; 
Johnson & Johnson Pharmaceutical Research & Development LLC.; Lumosity; 
Lundbeck; Merck & Co., Inc.; Meso Scale Diagnostics, LLC.; NeuroRx Research; 
Neurotrack Technologies; Novartis Pharmaceuticals Corporation; Pfizer Inc.; 
Piramal Imaging; Servier; Takeda Pharmaceutical Company; and Transition 
Therapeutics. The Canadian Institutes of Health Research is providing funds 
to support ADNI clinical sites in Canada. Private sector contributions are 
facilitated by the Foundation for the National Institutes of Health (www.​fnih.​
org). The grantee organization is the Northern California Institute for Research 
and Education, and the study is coordinated by the Alzheimer’s Therapeutic 
Research Institute at the University of Southern California. ADNI data are dis-
seminated by the Laboratory for Neuro Imaging at the University of Southern 
California.

Availability of data and materials
All raw data used in this study are publicly available and granted access by the 
relevant study’s ADNI review committee. Processed data not provided in the 
article because of space limitations may be shared at the request of any quali-
fied investigator for purposes of replicating procedures and results.

Declarations

Ethics approval and consent to participate
The study was conducted in accordance with the Declaration of Helsinki. All 
research activities were approved by Institutional Review Boards (IRB) at the 
participating study sites. Participants provided written informed consent.

Consent for publication
Not applicable

Competing interests
Dr. Wolk received grants from Eli Lilly/Avid Radiopharmaceuticals, grants from 
Merck, grants from Biogen, personal fees from Janssen, and personal fees from 
GE Healthcare and serves on a DSMB for Functional Neuromodulation.
Dr. Xie received personal consulting fees from Galileo CDS, Inc. Dr. Xie has 
become an employee of Siemens Healthineers since May 2022, but the 
current study was conducted during his employment at the University of 
Pennsylvania.
Dr. Das received personal fees from Rancho Biosciences.

Author details
1 Penn Image Computing and Science Laboratory (PICSL), Department of Radi-
ology, University of Pennsylvania, 3700 Hamilton Walk, Suite D600, Richards 
Building 6th floor, Philadelphia, PA 19104, USA. 2 Penn Memory Center, Univer-
sity of Pennsylvania, Philadelphia, PA, USA. 3 Department of Diagnostic Radiol-
ogy, Lund University, Lund, Sweden. 4 Department of Pathology and Labora-
tory Medicine, University of Pennsylvania, Philadelphia, PA, USA. 

Received: 22 August 2022   Accepted: 13 March 2023

https://doi.org/10.1186/s13195-023-01210-z
https://doi.org/10.1186/s13195-023-01210-z
http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
http://www.fnih.org
http://www.fnih.org


Page 13 of 14Xie et al. Alzheimer’s Research & Therapy           (2023) 15:79 	

References
	1.	 Godyń J, Jończyk J, Panek D, Malawska B. Therapeutic strategies for Alz-

heimer’s disease in clinical trials. Pharmacological Reports. Elsevier; 2016. 
127–38.

	2.	 Desikan RS, Cabral HJ, Settecase F, Hess CP, Dillon WP, Glastonbury CM, 
et al. Automated MRI measures predict progression to Alzheimer’s dis-
ease. Neurobiol Aging. 2010;31:1364–74 Elsevier.

	3.	 Chen K, Ayutyanont N, Langbaum JBS, Fleisher AS, Reschke C, Lee W, et al. 
Characterizing Alzheimer’s disease using a hypometabolic convergence 
index. Neuroimage. 2011;56:52–60 Academic Press.

	4.	 Walhovd KB, Fjell AM, Brewer J, McEvoy LK, Fennema-Notestine C, Hagler 
DJ, et al. Combining MR imaging, positron-emission tomography, and 
CSF biomarkers in the diagnosis and prognosis of Alzheimer disease. 
AJNR Am J Neuroradiol. 2010;31:347–54 Available from: https://​pubmed.​
ncbi.​nlm.​nih.​gov/​20075​088/Cited 2022 Apr 27 .

	5.	 Ewers M, Walsh C, Trojanowski JQ, Shaw LM, Petersen RC, Jack CR, et al. 
Prediction of conversion from mild cognitive impairment to Alzheimer’s 
disease dementia based upon biomarkers and neuropsychological test 
performance. Neurobiol Aging. Neurobiol Aging; 2012;33. Cited 2022 Apr 
27. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​21159​408/

	6.	 Zhang D, Shen D. Predicting future clinical changes of MCI patients using 
longitudinal and multimodal biomarkers. PLoS One. 2012;e33182. https://​
doi.​org/​10.​1371/​journ​al.​pone.​00331​82. Chen K, editor. Public Library of 
Science.

	7.	 Ebenau JL, Pelkmans W, Verberk IMW, Verfaillie SCJ, van den Bosch KA, 
van Leeuwenstijn M, et al. Association of CSF, plasma, and imaging 
markers of neurodegeneration with clinical progression in people with 
subjective cognitive decline. Neurology. 2022;98:e1315-26 Wolters Kluwer 
Health, Inc. on behalf of the American Academy of NeurologyCited 2022 
May 4. Available from: . https://n.​neuro​logy.​org/​conte​nt/​98/​13/​e1315 .

	8.	 Vos SJB, Gordon BA, Su Y, Visser PJ, Holtzman DM, Morris JC, et al. NIA-AA 
staging of preclinical Alzheimer disease: discordance and concordance of 
CSF and imaging biomarkers. Neurobiol Aging. 2016;44:1–8 Elsevier.

	9.	 Albert M, Zhu Y, Moghekar A, Mori S, Miller MI, Soldan A, et al. Predicting 
progression from normal cognition to mild cognitive impairment for 
individuals at 5 years. Brain. 2018;141:877–87 Oxford AcademicCited 2022 
May 12. Available from:. https://​acade​mic.​oup.​com/​brain/​artic​le/​141/3/​
877/​48180​93 .

	10.	 Strikwerda-Brown C, Gonneaud J, Hobbs DA, St-Onge F, Binette AP, Ozlen H, 
et al. AT(N) predicts near-term development of Alzheimer’s disease symp-
toms in unimpaired older adults. medRxiv; 2022;2022.05.09.22274638. Cold 
Spring Harbor Laboratory Press. Cited 2022 May 16. Available from: https://
www.medrxiv.org/content/10.1101/2022.05.09.22274638v1

	11.	 Crary JF, Trojanowski JQ, Schneider JA, Abisambra JF, Abner EL, Alafuzoff 
I, et al. Primary age-related tauopathy (PART): a common pathology 
associated with human aging. Acta Neuropathol. 2014;128:755 NIH Public 
AccessCited 2022 May 10. Available from:. https://​www.​ncbi.​nlm.​nih.​gov/​
pmc/​artic​les/​PMC42​57842/ .

	12.	 Petersen RC, Lundt ES, Therneau TM, Weigand SD, Knopman DS, Mielke 
MM, et al. Predicting progression to mild cognitive impairment. Ann Neu-
rol. 2019;85:155–60 John Wiley & Sons, Ltd. Cited 2022 May 12. Available 
from: https://​onlin​elibr​ary.​wiley.​com/​doi/​full/​10.​1002/​ana.​25388 .

	13.	 Palmqvist S, Janelidze S, Stomrud E, Zetterberg H, Karl J, Zink K, et al. 
Performance of fully automated plasma assays as screening tests 
for Alzheimer disease–related β-amyloid status. JAMA neurology. 
2019;76(9):1060–9.

	14.	 Schindler SE, Bollinger JG, Ovod V, Mawuenyega KG, Li Y, Gordon BA, et al. 
High-precision plasma β-amyloid 42/40 predicts current and future brain 
amyloidosis. Neurology. 2019;93(17):e1647–59.

	15.	 Janelidze S, Mattsson N, Palmqvist S, Smith R, Beach TG, Serrano GE, et al. 
Plasma P-tau181 in Alzheimer’s disease: relationship to other biomarkers, 
differential diagnosis, neuropathology and longitudinal progression to 
Alzheimer’s dementia. Nat Med. 2020;26(3):379–86.

	16.	 Palmqvist S, Janelidze S, Quiroz YT, Zetterberg H, Lopera F, Stomrud E, 
et al. Discriminative accuracy of plasma phospho-tau217 for Alzheimer 
disease vs other neurodegenerative disorders. Jama. 2020;324(8):772–81.

	17.	 Karikari TK, Pascoal TA, Ashton NJ, Janelidze S, Benedet AL, Rodriguez 
JL, et al. Blood phosphorylated tau 181 as a biomarker for Alzheimer’s 
disease: a diagnostic performance and prediction modelling study using 
data from four prospective cohorts. Lancet Neurol. 2020;19(5):422–33.

	18.	 Mattsson N, Andreasson U, Zetterberg H, Blennow K, Weiner MW, Aisen 
P, et al. Association of plasma neurofilament light with neurodegenera-
tion in patients with Alzheimer disease. JAMA Neurol. 2017;74:557–66 
American Medical Association.  Cited 2020 Apr 12;Available from: http://​
www.​ncbi.​nlm.​nih.​gov/​pubmed/​28346​578 .

	19.	 Mattsson N, Cullen NC, Andreasson U, Zetterberg H, Blennow K. Associa-
tion between longitudinal plasma neurofilament light and neurodegen-
eration in patients with Alzheimer disease. JAMA Neurol. 2019;76:791–9 
American Medical Association;

	20.	 Fischl B. FreeSurfer. Neuroimage. 2012;62:774–81 Cited 2014 Jul 14. Avail-
able from: http://​www.​pubme​dcent​ral.​nih.​gov/​artic​leren​der.​fcgi?​artid=​
36854​76&​tool=​pmcen​trez&​rende​rtype=​abstr​act .

	21.	 Yushkevich PA, Pluta JB, Wang H, Xie L, Ding S, Gertje EC, et al. Automated 
volumetry and regional thickness analysis of hippocampal subfields and 
medial temporal cortical structures in mild cognitive impairment. Hum 
Brain Mapp. 2015;36:258–87.

	22.	 Misra C, Fan Y, Davatzikos C. Baseline and longitudinal patterns of brain 
atrophy in MCI patients, and their use in prediction of short-term conver-
sion to AD: results from ADNI. Neuroimage. 2009;44:1415–22 Academic 
Press;

	23.	 Risacher SL, Saykin AJ, West JD, Shen L, Firpi HA, McDonald BC, et al. Base-
line MRI predictors of conversion from MCI to probable AD in the ADNI 
cohort. Curr Alzheimer Res. 2009;6:347–61 Cited 2018 Feb 8. Available 
from: http://​www.​ncbi.​nlm.​nih.​gov/​pubmed/​19689​234 .

	24.	 Hua X, Leow AD, Parikshak N, Lee S, Chiang MC, Toga AW, et al. Tensor-
based morphometry as a neuroimaging biomarker for Alzheimer’s dis-
ease: an MRI study of 676 AD. MCI, and normal subjects. 2008;43:458–69 
Neuroimage. Academic Press;

	25.	 Kovacevic S, Rafii MS, Brewer JB. High-throughput, fully automated 
volumetry for prediction of MMSE and CDR decline in mild cognitive 
impairment. Alzheimer Dis Assoc Disord. 2009;23:139–45 Cited 2022 Apr 
27. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​19474​571/ .

	26.	 Weiner MW, Veitch DP, Aisen PS, Beckett LA, Cairns NJ, Cedarbaum J, et al. 
2014 Update of the Alzheimer’s Disease Neuroimaging Initiative: a review 
of papers published since its inception. Alzheimer’s and Dementia. 
2015;11:e1-120 Elsevier Inc. Cited 2020 Oct 27. Available from: https://​
www.​ncbi.​nlm.​nih.​gov/​pmc/​artic​les/​PMC54​69297/ .

	27.	 Martin SB, Smith CD, Collins HR, Schmitt FA, Gold BT. Evidence that vol-
ume of anterior medial temporal lobe is reduced in seniors destined for 
mild cognitive impairment. Neurobiol Aging. 2010;31:1099–106 Elsevier. 
Cited 2018 Dec 5. Available from: https://​www.​scien​cedir​ect.​com/​scien​
ce/​artic​le/​pii/​S0197​45800​80029​72?​via%​3Dihub .

	28.	 Lazarczyk MJ, Hof PR, Bouras C, Giannakopoulos P. Preclinical Alzheimer 
disease: identification of cases at risk among cognitively intact older 
individuals. BMC medicine. 2012;10(1):1–3.

	29.	 Maruszak A, Thuret S. Why looking at the whole hippocampus is not 
enough-a critical role for anteroposterior axis, subfield and activation 
analyses to enhance predictive value of hippocampal changes for 
Alzheimer’s disease diagnosis. Front Cell Neurosci. 2014;8:95 Available 
from: http://​www.​pubme​dcent​ral.​nih.​gov/​artic​leren​der.​fcgi?​artid=​39782​
83&​tool=​pmcen​trez&​rende​rtype=​abstr​act. .

	30.	 Smith CD, Chebrolu H, Wekstein DR, Schmitt FA, Jicha GA, Cooper G, 
Markesbery WR. Brain structural alterations before mild cognitive impair-
ment. Neurology. 2007;68(16):1268–73.

	31.	 Westman E, Muehlboeck JS, Simmons A. Combining MRI and CSF 
measures for classification of Alzheimer’s disease and prediction of mild 
cognitive impairment conversion. Neuroimage. 2012;62(1):229–38.

	32.	 Burgmans S, Van Boxtel MP, Smeets F, Vuurman EF, Gronenschild EH, Ver-
hey FR, et al. Prefrontal cortex atrophy predicts dementia over a six-year 
period. Neurobiol Aging. 2009;30(9):1413–9.

	33.	 Carmichael O, Xie J, Fletcher E, Singh B, DeCarli C. Alzheimer’s Disease 
Neuroimaging Initiative. Localized hippocampus measures are associated 
with Alzheimer pathology and cognition independent of total hip-
pocampal volume. Neurobiol aging. 2012;33(6):1124–e31.

	34.	 Dickerson BC, Wolk DA. MRI cortical thickness biomarker predicts AD-like 
CSF and cognitive decline in normal adults. Neurology. 2012;78(2):84–90.

	35.	 Becker JA, Hedden T, Carmasin J, Maye J, Rentz DM, Putcha D, et al. 
Amyloid‐β associated cortical thinning in clinically normal elderly. Ann 
Neurol. 2011;69(6):1032–42.

	36.	 Cullen NC, Leuzy A, Janelidze S, Palmqvist S, Svenningsson AL, Stomrud 
E, et al. Plasma biomarkers of Alzheimer’s disease improve prediction 

https://pubmed.ncbi.nlm.nih.gov/20075088/
https://pubmed.ncbi.nlm.nih.gov/20075088/
https://pubmed.ncbi.nlm.nih.gov/21159408/
https://doi.org/10.1371/journal.pone.0033182
https://doi.org/10.1371/journal.pone.0033182
https://n.neurology.org/content/98/13/e1315
https://academic.oup.com/brain/article/141/3/877/4818093
https://academic.oup.com/brain/article/141/3/877/4818093
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4257842/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4257842/
https://onlinelibrary.wiley.com/doi/full/10.1002/ana.25388
http://www.ncbi.nlm.nih.gov/pubmed/28346578
http://www.ncbi.nlm.nih.gov/pubmed/28346578
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3685476&tool=pmcentrez&rendertype=abstract
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3685476&tool=pmcentrez&rendertype=abstract
http://www.ncbi.nlm.nih.gov/pubmed/19689234
https://pubmed.ncbi.nlm.nih.gov/19474571/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5469297/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5469297/
https://www.sciencedirect.com/science/article/pii/S0197458008002972?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S0197458008002972?via%3Dihub
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3978283&tool=pmcentrez&rendertype=abstract
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3978283&tool=pmcentrez&rendertype=abstract


Page 14 of 14Xie et al. Alzheimer’s Research & Therapy           (2023) 15:79 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

of cognitive decline in cognitively unimpaired elderly populations. Nat 
Commun. 2021;12(1):3555.

	37.	 Rauchmann BS, Schneider-Axmann T, Perneczky R. Associations of longi-
tudinal plasma p-tau181 and NfL with tau-PET, Aβ-PET and cognition. J 
Neurol Neurosurg Psychiatry. 2021;92:1289–95.

	38.	 Palmqvist S, Tideman P, Cullen N, Zetterberg H, Blennow K, Dage JL, et al. 
Prediction of future Alzheimer’s disease dementia using plasma phospho-
tau combined with other accessible measures. Nat Med. 2021;27:1034–42. 
Available from: https://​doi.​org/​10.​1038/​s41591-​021-​01348-z

	39.	 Landau SM, Mintun MA, Joshi AD, Koeppe RA, Petersen RC, Aisen PS, 
et al. Amyloid deposition, hypometabolism, and longitudinal cognitive 
decline. Ann Neurol. 2012;72:578–86 Wiley-Blackwell. Cited 2018 Dec 4. 
Available from: http://​doi.​wiley.​com/​10.​1002/​ana.​23650 .

	40.	 Xie L, Wisse LEM, Pluta J, de Flores R, Piskin V, Manjón J v, et al. Auto-
mated segmentation of medial temporal lobe subregions on in vivo 
T1-weighted MRI in early stages of Alzheimer’s disease. Hum Brain Mapp. 
2019;40:3431–51 John Wiley & Sons, Ltd. Cited 2019 Oct 15. Available 
from: . http://​doi.​wiley.​com/​10.​1002/​hbm.​24607 .

	41.	 Xie L, Wisse LE, Das SR, Wang H, Wolk DA, Manjón JV, et al. Accounting for 
the confound of meninges in segmenting entorhinal and perirhinal cor-
tices in T1-weighted MRI. InMedical Image Computing and Computer-
Assisted Intervention–MICCAI 2016: 19th International Conference, 
Athens, Greece, October 17-21, 2016, Proceedings, Part II 19 2016 (pp. 
564-571). Springer International Publishing.

	42.	 Xie L, Pluta JB, Das SR, Wisse LEM, Wang H, Mancuso L, et al. Multi-tem-
plate analysis of human perirhinal cortex in brain MRI: explicitly account-
ing for anatomical variability. Neuroimage. 2017;144:183–202 Cited 2017 
Mar 31. Available from: http://​www.​scien​cedir​ect.​com/​scien​ce/​artic​le/​pii/​
S1053​81191​63054​7X .

	43.	 Xie L, Wisse LEM, Das SR, Ittyerah R, Wang J, Wolk DA, et al. Characterizing 
anatomical variability and Alzheimer’s disease related cortical thinning 
in the medial temporal lobe using graph-based groupwise registration 
and point set geodesic shooting. Cham: Springer; 2018. p. 28–37 Cited 
2018 Dec 11. Available from: http://​link.​sprin​ger.​com/​10.​1007/​978-3-​030-​
04747-4_3 .

	44.	 Xie L, Wisse LEM, Das SR, Vergnet N, Dong M, Ittyerah R, et al. Longitudinal 
atrophy in early Braak regions in preclinical Alzheimer’s disease. Hum 
Brain Mapp. John Wiley and Sons Inc.; 2020;hbm.25151. Cited 2020 Sep 
23. Available from: https://​onlin​elibr​ary.​wiley.​com/​doi/​abs/​10.​1002/​hbm.​
25151

	45.	 Das SR, Avants BB, Pluta J, Wang H, Suh JW, Weiner MW, et al. Measuring 
longitudinal change in the hippocampal formation from in vivo high-
resolution T2-weighted MRI. Neuroimage. 2012;60:1266–79.

	46.	 Crane PK, Carle A, Gibbons LE, Insel P, Mackin RS, Gross A, et al. Devel-
opment and assessment of a composite score for memory in the 
Alzheimer’s Disease Neuroimaging Initiative (ADNI). Brain Imaging Behav. 
2012;6:502–16 Cited 2023 Jan 29. Available from: https://​pubmed.​ncbi.​
nlm.​nih.​gov/​22782​295/ .

	47.	 Fokuoh E, Xiao D, Fang W, Liu Y, Lu Y, Wang K. Longitudinal analysis of 
APOE-ε4 genotype with the logical memory delayed recall score in 
Alzheimer’s disease. J Genet. 2021;100:1–9.

	48.	 Wisse LE, Xie L, Das SR, de Flores R, Hansson O, Habes M, et al. Tau pathol-
ogy mediates age effects on medial temporal lobe structure. Neurobiol 
Aging. 2022;109:135–44 Elsevier.

	49.	 Das SR, Xie L, Wisse LE, Vergnet N, Ittyerah R, Cui S, et al. Alzheimer’s 
Disease Neuroimaging Initiative. In vivo measures of tau burden are 
associated with atrophy in early Braak stage medial temporal lobe 
regions in amyloid-negative individuals. Alzheimer’s & Dementia. 
2019;15(10):1286–95.

	50.	 Chatterjee P, Pedrini S, Stoops E, Goozee K, Villemagne VL, Asih PR, et al. 
Plasma glial fibrillary acidic protein is elevated in cognitively normal 
older adults at risk of Alzheimer’s disease. Translational psychiatry. 
2021;11(1):27.

	51.	 Young AL, Oxtoby NP, Daga v, Cash DM, Fox NC, Ourselin S, et al. data-
driven model of biomarker changes in sporadic Alzheimer’s disease. 
Brain. 2014;137:2564–77 Oxford Academic. Cited 2022 Apr 27. Available 
from: https://​acade​mic.​oup.​com/​brain/​artic​le/​137/9/​2564/​28481​55 .

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1038/s41591-021-01348-z
http://doi.wiley.com/10.1002/ana.23650
http://doi.wiley.com/10.1002/hbm.24607
http://www.sciencedirect.com/science/article/pii/S105381191630547X
http://www.sciencedirect.com/science/article/pii/S105381191630547X
http://link.springer.com/10.1007/978-3-030-04747-4_3
http://link.springer.com/10.1007/978-3-030-04747-4_3
https://onlinelibrary.wiley.com/doi/abs/10.1002/hbm.25151
https://onlinelibrary.wiley.com/doi/abs/10.1002/hbm.25151
https://pubmed.ncbi.nlm.nih.gov/22782295/
https://pubmed.ncbi.nlm.nih.gov/22782295/
https://academic.oup.com/brain/article/137/9/2564/2848155

	Baseline structural MRI and plasma biomarkers predict longitudinal structural atrophy and cognitive decline in early Alzheimer’s disease
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Participants
	Neuroimaging data acquisition and processing
	Imaging data acquisition
	Baseline MRI measurements of the MTL
	Longitudinal structural MRI marker of disease progression
	Quality control

	Longitudinal cognitive data processing
	Plasma p-tau181 and NfL data processing
	Statistical analysis
	Standard protocol approvals, registrations, and patient consents

	Results
	Significant baseline predictors
	Distinguishing the fast and slow progressors

	Discussion
	Predicting disease progression with baseline plasma and structural MRI biomarkers
	Effectiveness in identifying fast and slow progressors
	Potential use of structural MRI biomarkers in predicting normal aging-related decline
	Limitations and future work

	Acknowledgements
	References


