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Abstract
Background: There are no agreed-upon variables for predicting progression from unimpaired
cognition to amnestic mild cognitive impairment (aMCI), or from aMCI to AD.
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Objective: Use ADNI data to develop a ‘Framingham-like’ prediction model for a 4-year period.
Methods: We developed models using the strongest baseline predictors from six domains
(demographics, neuroimaging, CSF biomarkers, genetics, cognitive tests, and functional ability).
We chose the best predictor from each domain, which was dichotomized into more vs. less
harmful.

Author Manuscript

Results: There were 224 unimpaired individuals and 424 aMCIs with baseline data on all
predictors, of whom 37 (17%) and 150 (35%) converted to aMCI and AD, respectively, during 4
years of follow-up. For the unimpaired, CSF tau/AB ratio, hippocampal volume, and a memory
score predicted progression. For those aMCI a baseline, the same predictors plus APOE4 status
and functional ability predicted progression. Demographics and family history were not important
predictors for progression for either group. The fit statistic was good for the unimpaired-aMCI
model (C-statistic 0.80) and very good for the aMCI-AD model (C-statistic 0.91). Among the
unimpaired, those with no harmful risk factors had a 4-year predicted 2% risk of progression,
while those with the most harmful risk factors had a predicted 35% risk. The aMCIs with no
harmful risk factors had a predicted 1% risk of progression those with all six harmful risk factors
had a predicted 90% risk.
Conclusion: Our parsimonious model accurately predicted progression from unimpaired to
aMCI with three variables, and from aMCI to AD with five variables.
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Introduction

Author Manuscript

There is great heterogeneity in the clinical manifestation of Alzheimer’s disease (AD) and
other neurodegenerative disorders. This complicates both the ability to predict an
individual’s level of risk and to detect the disease early in its course. While there is
accumulating evidence that a subset of risk factors may increase one’s level of risk for
subsequent disease development, earlier and better prediction is needed. Below we briefly
summarize existing meta-analyses of studies regarding risk factors for progression as well as
the prior longitudinal studies using the ADNI dataset, before adding our contribution of a 4year, multifactorial risk profile for those transitioning from unimpaired cognition to
amnestic mild cognitive impairment (aMCI) and from aMCI to Alzheimer’s disease (AD)
dementia, based on ADNI data.
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There are numerous longitudinal studies in which the risk of conversion from mild cognitive
impairment (MCI) to AD or to non-AD dementia is predicted over a specific time period
based on different baseline variables. Six meta-analyses of these studies have been
conducted considering either genetic (APOE4), positron emission tomography (PET), or
cerebral spinal fluid (CSF) AD biomarkers [1–6]. Each of these risk factors had significant
predictive ability. Schmand et al. [7] conducted a meta-analysis of progression, which
included either conversion from cognitively unimpaired to MCI/AD or conversion from MCI
to AD. These investigators found significant predictive effects of memory and CSF for
progression to MCI, with less of an effect for brain imaging. A more recent publication by
Chen et al. [8] studied the progression from unimpaired to MCI in 254 participants from the
UC Davis Alzheimer’s Disease Center, and found age, low executive function, and worse
functional ability as significant risk factors for progression. While neuroimaging was
included in Chen et al. [8], CSF markers were not.
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Few studies, however, report the risk of progression over a given time period while including
a full combination of demographic, cognitive, functional, genetic, neuroimaging, and CSF
biomarker information in their analyses. This may be because such comprehensive data sets
are rare. An exception to this is the Alzheimer’s Disease Neuroimaging Initiative (ADNI).
While ADNI remains one of the most useful datasets for examining combined risk factors,
the number of individuals possessing data on all of these variables in ADNI still remains
relatively sparse.
Multiple investigators have reported predictive models for progression using baseline or
longitudinal ADNI data, but most of these have focused only on the conversion from MCI to
AD, and each publication has emphasized a different combination of risk factors [9–16].
Among the various predictors, CSF is the least commonly available in the ADNI data, and is
therefore often excluded from many predictive models. Cognitive performance variables, for
which there are well-established relationships between performance and disease,
J Alzheimers Dis. Author manuscript; available in PMC 2019 May 13.
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consistently perform as robust predictors [10–14, 16]. Hohman and colleagues [9] examined
combined risk using most of the available categories of data within ADNI, including
demographic, genetic, imaging, cognitive, and CSF characteristics. Rather than predicting
risk, however, they created a latent variable model of global resilience.

Author Manuscript

We have previously used ADNI data to document the predictive power among those
unimpaired at baseline of demographics, APOE4, MRI imaging, and CSF for decline on the
ADAS-Cog test [17]. Here we extend our earlier work by using ADNI data to predict
progression from unimpaired cognition to MCI, and also from MCI to dementia. We
considered possible predictors from six domains: demographics, neuroimaging, CSF
biomarkers, genetic predisposition (e.g., APOE4, family history), cognitive tests, and
functional ability, and we chose the best predictors from each of these domains. Our goal
was to develop a risk prediction model based on values of specific variables from each of
these domains, which we dichotomized into ‘more harmful’ or ‘less harmful’ for the purpose
of risk prediction. We estimate the risk of progression to a worse diagnosis after 4-years
from baseline data for 424 MCIs at baseline and for 224 cognitively unimpaired individuals
at baseline. These data use a longer follow-up and a larger number of subjects than prior
analyses of ADNI data, with a systematic evaluation of possible predictors within each of six
domains, and the choice of a single predictor to represent each domain.

Methods
ADNI Data source
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Data used in the preparation of this article were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). The ADNI was launched in
2003 as a public-private partnership, led by Principal Investigator Michael W. Weiner, MD.
The primary goal of ADNI has been to test whether serial magnetic resonance imaging
(MRI), positron emission tomography (PET), other biological markers, and clinical and
neuropsychological assessment can be combined to measure the progression of mild
cognitive impairment (MCI) and early Alzheimer’s disease (AD). For up-to-date
information, see www.adni-info.org.
Participants

Author Manuscript

Participants were enrolled in ADNI (adni.loni.usc.edu), a multi-center longitudinal
investigation to identify structural and functional brain changes and other biological markers
to predict the progression to MCI and AD. As an AD-focused study, all the MCI participants
were required to have an amnestic subtype, as classified by the presence of a memory
complaint or a memory problem that was noted by their partner, a specified education
adjusted cutoff score on Logical Memory, a MMSE score between 24–30, and a CDR score
(including the Memory Box score) of 0.5. The initial goal of ADNI was to recruit 800
subjects, but ADNI has been followed up by ADNI-GO and ADNI-2. To date, these three
protocols have recruited over 1500 adults, ages 55 to 90, who had either unimpaired
cognition, MCI, or early AD at baseline. The follow up duration of each group is specified in
the protocols. We included persons who were involved in any of the three rounds of ADNI
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data collection, provided they had complete baseline data on all our predictors of interest.
Most data were taken from the data set ADNI-MERGE, which combines the three ADNIs.
Using a dataset downloaded on 05/25/2017, we found individuals with unimpaired cognition
or amnestic MCI (aMCI) at baseline. We restricted the sample to those who had at least four
visits (including the baseline visit). There were various batches of CSF analysis, and the
median of the measures across batches at baseline was used in the present analysis.
Diagnostic and etiologic data came from the following two files compiled by ADNI,
“DXSUM_PDXCONV_ADNIALL” and “ADNIMERGE”. Baseline imaging data was
sometime missing from “ADNI-MERGE”, but was found in the“MRIMETA/MRI3META”
dataset.

Author Manuscript

We created separate predictive models for the conversion from unimpaired to aMCI and
from aMCI to AD. We excluded those who transitioned to aMCI and reverted back to
unimpaired cognition (1 person fell into this category), as well as those who transitioned to
AD and reverted back to MCI or unimpaired cognition (37 persons fell into this category),
and any who were missing a diagnosis. Our final data set consisted of 224 unimpaired
participants at baseline and 424 aMCIs at baseline.

Author Manuscript

Subjects with complete data included in our analyses numbered 224/417 (54%) unimpaired
at baseline participants and 356/872 (48%) aMCIs at baseline. For both groups, the main
variable for which subjects were missing data was the CSF (65% of MCIs, 48% of the
unimpaired), followed by hippocampal volume, and having less than 4 visits. However, for
both the unimpaired and aMCI groups, there were no significant (at the 0.05 level)
differences between the included and excluded participants on values of mean age, percent
male, percent white, percent APOE4 positive, MMSE, FAQ, memory summary, executive
function summary, brain volumes (whole, hippocampal, and middle temporal), or CSF
variables (AB, p-tau, total tau, and tau/AB ratio).
Predictors
Demographics, neuroimaging, CSF biomarkers, genetic predisposition (e.g., APOE4, family
history), cognitive tests, and functional ability were the domains of interest. We considered
depression and PET imaging, but a large number of participants were missing data on these
risk factors and therefore we did not include them. Diagnostic co-morbidities were initially
considered, but were sparse and did not perform well.
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For demographics, we considered age, gender, education, and race. Age was considered as
both a continuous and categorical (quartile) variable, while education was categorized into
four groups: less than high school, high school, some college, and college or more. Race was
categorized as white and non-white.
For imaging, we considered whole brain volume, medial temporal lobe (MTL) volume, and
hippocampal volume. All neuroimaging data in ADNI1 was acquired using a field strength
of 1.5 or 3 Tesla, and post-processed cross-sectionally using FreeSurfer Version 4.3 at the
University of California San Francisco prior to being made available through ADNI (http://
adni.loni.ucs.edu/). Cortical reconstruction and volumetric segmentation is performed with
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the FreeSurfer image analysis suite. FreeSurfer analysis was completed using Version 4.3 for
ADNI1 cross-sectional data [UCSFFSX], and Version 5.1 for ADNI GO and 2 data
[UCSFFSX51]. Further details can be found in Jack et al. [18]
Data on follow-up time proved to be a highly significant predictor of conversion rates, and
was included in both models (unimpaired to aMCI, aMCI to AD). Data on field strength
proved to be a predictor of both brain volumes and conversion rates, the latter association
due partly to the correlation between follow-up time and conversion rates (those with more
follow-up time primarily were from the early ADNI data and had imaging done with 1.5
Tesla field strength, and those with greater follow-up time were more likely to convert).
Inclusion of follow-up time in the model for unimpaired to aMCI eliminated the importance
of field strength, but field strength proved an important predictor in the aMCI to AD
conversion, and was retained in that model.

Author Manuscript

For CSF we considered AB, p-tau, total tau, and tau/AB ratio. All ADNI CSF samples are
collected according to a standard protocol (http://www.adni-info.org/Scientists/doc/
CSF_Biomarker_Test_Instr.pdf) and are then sent to a central location for analysis (ADNI
Biomarker Core, University of Pennsylvania Medical School), using methods described in
the literature [19]. Test-retest R-squares have been high at the ADNI Biomarker Core,
typically on the order of 90% or higher, depending on the marker (http://www.alz.org/
research/funding/partnerships/2013_meeting/5-biomarkers-core-adni.pdf.)
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For cognitive tests, we considered the Mini-Mental State Examination (MMSE), the
Alzheimer’s Disease Assessment Scale-Cognitive (ADAS-Cog), and the Rey Auditory
Verbal Learning Test (RAVLT), as well as summary measures of executive function and
memory that were developed by a team of researchers utilizing latent variable modeling
within the ADNI cognitive battery. The summary measure for memory is a factor score
made up of items from the ADAS-Cog, RAVLT, Logical Memory, and MMSE, while the
factor score for the composite measure of executive function is derived from items on
Category Fluency, Trails A and B, Digit Span backwards, WAIS-R Digit Symbol Test, and
the Clock Drawing Test [20,21]. For functional ability, we used the Functional Activities
Questionnaire (FAQ)[22].
For our genetic predictors, we focused on family history (first degree relatives) and APOE4
genotype given its strong relationship to increased risk by allele status. APOE4 genotyping
was performed at the time of participant enrollment and included in the ADNI database [19].
Data Analysis

Author Manuscript

In the ADNI study, participants undergo annual evaluations. As such, it is not possible to
provide an exact date for diagnosis or diagnostic conversion. Conversion to a worse
diagnosis is instead measured through intervals between study visits. Furthermore, for those
participants who were MCI at baseline, we did not know the true incidence date of MCI,
which may have preceded the baseline presentation. These factors hinder the use of a time to
conversion analysis. Given this type of interval censoring, a typical survival analysis (with
exact survival times) via Cox regression is not appropriate. We analyzed our data two
different ways, via a Cox proportional hazard models (SAS ICPHREG, https://
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support.sas.com/documentation/onlinedoc/stat/132/icphreg.pdf) for interval censoring and
via logistic regression with follow-up time in the model. These two methods provided
similar results. We present the results from the logistic regression because this analysis fit
the data slightly better, when comparing observed to predicted conversions.

Author Manuscript

We selected specific variables to be included in the final model based on comparative
goodness of fit values. We did not use a formal step-wise procedure, but began with
variables from all six domains and then identified the most predictive variables for each
domain by comparing Akaike’s Information Criterion (AIC) when there were multiple
measures within a single domain. Our goal was to develop a parsimonious model for
relatively simple risk prediction based on a small number of key variables dichotomized into
‘more harmful’ vs. ‘less harmful’, along the lines of the Framingham algorithm to predict
heart disease risk (the Framingham risk prediction score is based on 10, 5, 2, 4, and 4
categories for the following variable domains: age, cholesterol, smoking, high-density
cholesterol, and systolic blood pressure, respectively.(https://en.wikipedia.org/wiki/
Framingham_Risk_Score
We started developing models using continuous variables when available, and then
proceeded to analyze the data by quartiles of continuous measures, to assess whether trends
identified with continuous variables were consistent (monotonic). Goodness of fit for final
models was determined using the C-statistic, which analyzes concordance between observed
and predicted conversions and ranges from 0 to 1, with 1 being perfect concordance.

Author Manuscript

We included in final dichotomous models all variables with p<0.10 as a continuous variable,
and which also showed reasonably consistent increasing trends in quartile analysis, as the
risk factor profie worsened. In the case of the unimpaired model, not all domains were
represented. One variable, hippocampal volume, was found to be am important predictor in
continuous and quartile models, and was retained in the final dichotomous variable even
though when dichotomized it was no longer significant at the 0.05 level.

Author Manuscript

Once a final best model had been identified using continuous and categorical variables in
quartiles, we dichotomized all variables in order to develop our 4-year risk predictions, in
keeping with our goal to create a final simple model along the lines of Framingham. To
derive cut-points for optimal dichotomization, we considered either Receiver Operator
Curves (ROC), or the CART algorithm (Classification and Regression Trees)[23]. For the
sparser data for the unimpaired, CART was unable to provide a simple tree for
dichotomizing the three predictor variables, and we used the ROCs. For the progression
from aMCI to AD, CART provided a tree with dichotomous cut-points for all five variables
in the model. However, one variable (hippocampal volume) was not a statistically significant
predictor using the CART cut-point, and we used the ROC cut-point for that variable
because it improved prediction and resulted in a better fit to the data.
Finally we used the final dichotomous model results to develop general predictions for
conversion based on the presence of ‘worse’ levels of the predictors from the model. We first
calculated a risk for the referent group (for either the unimpaired or the aMCIs), and then the
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baseline risk was then multiplied by the odds ratio for each of the dichotomous risk factors,
or for a combination of risk factors.

Results
Table 1 provides a description of cognitively unimpaired and aMCI subjects included in our
study. Those who were diagnosed as MCI at baseline had worse values of CSF markers,
lower cognitive scores, and lower hippocampal volume than did those with unimpaired
cognition at baseline. However, these two groups did not significantly differ in gender, race,
education, or whole brain or middle-temporal lobe volume. Mean age was higher in the
unimpaired group but categorical analyses of age showed no significant differences It should
be noted that there were few non-whites in either group (6% in aMCIs, 8% in unimpaired).

Author Manuscript

Those with unimpaired cognition at baseline (n=224) were followed for a median of 4-years
(interquartile range: 3.0–5.0, mean: 4.6, std: 2.6); 37 converted to amnestic MCI during
follow-up (17%). Those with amnestic MCI at baseline (n=424) were followed for a median
of 4-years (interquartile range 3.0–5.0, mean: 4.0, std: 1.9); 150 converted to AD during
follow-up (35%).
Variables retained in final models for unimpaired individuals included only hippocampal
volume, tau/AB ratio, and a summary measure of memory. Variables included in the final
model for those with aMCI at baseline included APOE4 status, a summary measure of
memory, hippocampal volume, FAQ, and tau/AB ratio. Both models included a variable for
MRI field strength (either 1.5 or 3 Tesla).

Author Manuscript

Surprisingly, neither demographic variables nor family history proved to be significant
predictors when the above variables were in their respective models. This may be simply a
function of limited sample size. Increased age showed greater risk for both the progression
of the unimpaired to aMCI, and of the aMCI subjects to AD, but these risks were not
statistically significant and not consistently linear via quartile analysis. For family history in
a first degree relative, there was no consistent pattern of increased risk in either model.

Author Manuscript

Tables 2a and 2b give the odds ratios from the final models using quartiles of predictors, as
well as the p-value for the trend, as determined using the continuous variable for each
predictor. Trends in hazard ratios by quartile were generally but not always monotonically
increasing, as values worsened for the predictor variables, and all trends were statistically
significant at the p<0.05 level, except for hippocampal volume in the aMCI to AD model,
for which the p-value was 0.06. Tables 3a and 3b give the final model after dichotomizing all
variables to use for our risk estimation, based on ROC curves or CART (cut-points listed in
Table).
The C-statistic showed good fit for the final dichotomized model (C-statistic 0.80 for the
unimpaired, and very good fit for the aMCIs progressing to AD (C-statistic, 0.91). Figures 1
and 2 show that the correspondence between observed and predicted risk among our study
subjects was good both for the unimpaired progressing to aMCI and for the aMCIs at
baseline progressing to AD.
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Table 4a gives the 4-year predicted risk of progression to a worse diagnosis for those with
unimpaired cognition at baseline, for each possible combination of risk factors, in order of
increasing risk. Table 4b gives the predicted risk of progression for broad categories for the
aMCIs at baseline, according to the number of ‘more harmful’ risk factors present. In these
calculations the variables for field strength and follow-up time were not used to create
predictions, except insomuch as their average values for each group (unimpaired, mean
follow-up 4 years, aMCIs, mean follow-up 4 years, 30% Tesla 1.5) were entered into the
estimation of the risk for the referent group (eg, for the aMCIs, referent risk was p=(exp(b0
+ b1*average follow-up + b3*percent Tesla1.5)/ (1+ p=(exp(b0 + b1*average follow-up +
b3*percent Tesla1.5))).

Discussion
Author Manuscript

Our data provide an estimate of 4-year risk of progression based on risk factors from six
domains: demographics, neuroimaging, CSF biomarkers, genetic predisposition (APOE4,
family history), cognitive tests, and functional ability. Only three predictors (hippocampal
volume, tau/AB ratio, and summary memory score) were significant for predicting
progression to aMCI for those unimpaired at baseline. The fit of this model to the observed
data was reasonably good, with a C-statistic of 0.80 (see Figure 1). It should be noted that
we could not evaluate the role of recent depression due to lack of data in ADNI; we and
others have found recent depression to be a strong risk factor for the unimpaired progressing
to MCI [24,25].

Author Manuscript

In contrast, five predictors from six domains (APOE4, tau-AB ratio, hippocampal volume,
FAQ, and a summary score for memory) were significant or borderline-significant in the
model for aMCIs at baseline progressing to AD. The predictive ability of the aMCI-to-AD
model was quite good (C statistic 0.91 and Figure 2), suggesting that most major predictors
for this progression had been identified.
As ADNI participants accumulate more follow-up time, and as new participants are
recruited, these predictive models can be further improved. One might expect, for example,
that age, race, and education will prove important predictors with increased sample size.

Author Manuscript

Barnes et al. [10] conducted a similar exercise to predict the progression of MCI to AD.
Using ADNI data they developed a point-based score. However, their follow-up time was
shorter than ours (3 years vs. 4 year). Like us, they found that MRI imaging, cognitive tests,
and the FAQ were significant predictors, with a good fit to the data (C-statistic 0.78), but
they did not find APOE4 to be a significant predictor and they did not use CSF data, which
was a strong predictor in our models.
The same three specific risk factors that predicted the progression of those without
impairment to MCI (hippocampal volume, tau/AB ratio, and summary memory score) also
predicted the progression of MCI to dementia. These values are hallmarks of the clinical
presentation commonly seen in sporadic AD cases in older aged individuals. They are also
highly related to one another [26]. Given the priority for amnestic presentations within the
ADNI sample recruitment, the summary memory measure is an expected cognitive predictor
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for both transitions. Two other risk factors important for the MCI to AD progression were
not important in predicting the progression from unimpaired to MCI: APOE4 and FAQ. It is
not surprising that the FAQ predicts the MCI to AD progression, given that functional
impairments are one of the diagnostic criteria for the diagnosis of dementia. While it is
possible for executive functioning to decline as a result of AD brain pathology, the initial
clinical presentation reflects memory problems [27]. Regarding APOE4, MCI subjects at
baseline had twice the frequency of APOE4 variants than did the unimpaired at baseline, yet
APOE4 was not a significant predictor of MCI among the unimpaired. We note that Chen et
al. [8] also did not find APOE4 to be an important predictor of the transition from
unimpaired to MCI.

Author Manuscript

The greatest limitation of our data is the small sample size in ADNI. There were only 37 of
224 unimpaired individuals who progressed to MCI, and 150 of 424 MCI individuals who
progressed to dementia. Hence, we are less confident of our predictions for them. Our
limited sample size also precluded splitting our data into a training and validation set,
typically used for prediction models – this would have provided some internal validation.
It is also difficult to know the generalizability of our findings. While our group of important
risk factors may differ from those found in other studies, we note again that to our
knowledge few other studies analyzed the whole gamut of risk factors considered here. In
particular, most studies did not include CSF biomarkers, which are strong predictors for
progression (unimpaired to MCI, MCI to dementia). Inclusion of CSF biomarkers may result
in other factors being less important.

Author Manuscript

Our observed four-year risks were generally in line with the well-characterized Mayo clinic
population, which reflects rates in the community in Rochester, Minnesota. In our data, the
four-year risk of aMCI among the unimpaired was 17%. This is slightly higher than the rate
in the Mayo clinic data, where the incidence is 12% [28]. Similarly, our four-year risk of AD
among those with aMCI was 35%, while in the Mayo clinic population the four-year risk
was approximately 30% [29], for a mixture of those with prevalent or incidence aMCI at
baseline. Similar to the Mayo population, our population was a mix of prevalent and
incidence cases at baseline. While these similarities in 4-year risk are reassuring, ultimately
even if they were more markedly different – with lower or higher rates of progression - there
is no a priori reason to believe that the etiologic effect of the risk factors would be different
in other populations.

Author Manuscript

Future work should focus on the transition from unimpaired to MCI, given the somewhat
weaker prediction for that group. Indeed, the field is transitioning to emphasize the
preclinical manifestations of AD [30,31]. Efforts to recruit and follow younger samples of
participants, beginning as early as the 20s and focusing on midlife, are underway. Other
hopeful targets of future research prioritize the detection of cognitive change over time, even
within those of normal cognitive status [17,32] as well as improved understanding of
patients’ self-report of subjective declines [33].
Finally, we note that current brain imaging and CSF-based tests, among the most predictive
variables we examined, have significant limitations for widespread use in clinical practice
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for predicting disease progression, including expense and/or invasiveness. Less expensive
and minimally invasive biomarkers (e.g., surrogates for imaging and CSF) are urgently
needed.
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Figure 1.
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Observed and predicted MCIs among the unimpaired, by predicted risk groups
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Figure 2.

Observed and predicted dementia among the MCIs, within predicted risk groups
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Table 1.

Author Manuscript

Descriptive data for unimpaired cognition or aMCI at Baseline

Author Manuscript

MCI (n=424)

Unimpaired
(n=224)

p value

Baseline age, years
Baseline age category
<=74
75–79
>=80

72.6 ± 7.12
258 (60.8)
103 (24.3)
63 (14.9)

74.4 ± 5.77
125 (55.8)
62 (27.7)
37 (16.5)

0.0008
0.46

Male

243 (57.3)

115 (51.3)

0.15

White

401 (94.6)

204 (91.1)

0.09

Baseline education, years

16.0 ± 2.79

16.3 ± 2.68

0.18

APOE4 positive

208 (49.1)

52 (23.2)

<0.0001

MMSE

27.7 ± 1.79

29.0 ± 1.13

<0.0001

FAQ total

3.16 ± 4.19

0.16 ± 0.68

<0.0001

Memory summary

0.19 ± 0.66

1.04 ± 0.57

<0.0001

Executive function

0.23 ± 0.79

0.81 ± 0.71

<0.0001

(mm3)

6800 ± 1133

7420 ± 850

<0.0001

1044600 ± 108159

1035437 ± 103695

0.23

19816 ± 2869

20386 ± 2510

0.011

TAU (pg/ml)

92.4 ± 52.7

67.7 ± 31.5

<0.0001

PTAU (pg/ml)

40.0 ± 21.3

30.4 ± 17.5

<0.0001

ABETA (pg/ml)

169 ± 51.3

202 ± 51.7

<0.0001

Ratio of total TAU to Aβ

0.65 ± 0.51

0.38 ± 0.25

<0.0001

4.0 ± 1.9
4.0 (3.0 – 5.0)

4.6 ± 2.6
4.0 (3.0 – 5.0)

0.001
0.09

Hippocampus
Whole Brain

(mm3)

Middle Temporal (mm3)

Follow-up years, mean ± std
Follow-up years, median (p25 – p75)

Author Manuscript
Author Manuscript
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Table 2a.

Author Manuscript

Quartile model for progression for unimpaired at baseline
Effect

Odds ratio

p value

p-value
for
trend*

Memory quartile 1 <=0.61

12.6 (2.56 – 62.0)

0.0018

0.0002

0.6 < Memory quartile 2 <=0.96

8.65 (1.79 – 41.9)

0.0073

0.96< Memory quartile 3 <=1.43

3.37 (0.64 – 17.8)

0.15

Hippocampus quartile 1 <=6898.5

2.47 (0.74 – 8.20)

0.14

6898.5< Hippocampus quartile 2 <=7464

1.62 (0.47 – 5.51)

0.44

7464< Hippocampus quartile <=7903

0.61 (0.14 – 2.62)

0.50

tau/Aβ ratio quartile 4 >0.451

4.16 (1.19 – 14.5)

0.0252

0.280< au/Aβ ratio quartile 3 <=0.451

3.34 (0.90 – 12.4)

0.07

0.208<tau/Aβ ratio quartile 2 <=0.280

0.37 (0.06 – 2.22)

0.28

1.54 (1.31 – 1.82)

<0.0001

Memory quartile 4 (referent) (>1.43)
0.007

Hippocampus quartile 4 (referent) (>7903)

Author Manuscript

0.01

tau/Aβ ratio quartile 1 (<=0.208)
Follow-up years

*

C statistic 0.87, trend tests for quartiles based on p-value for coefficient of continuous variable

Author Manuscript
Author Manuscript
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Table 2b.

Author Manuscript

Quartile model for progression from aMCI to AD
Effect

Odds ratio

p value

APOE4 positive

1.85 (0.97 – 3.53)

0.06

FAQ quartile 4 >=5

23.3 (9.33 – 58.4)

<0.0001

2<=FAQ quartile 3 <=4

11.9 (4.87 – 29.2)

<0.0001

FAQ quartile 2 =1

11.4 (4.24 – 30.6)

<0.0001

Memory quartile 1 <= −0.27

7.66 (2.72 – 21.5)

0.0001

−0.27< Memory quartile 2 <=0.12

6.10 (2.20 – 17.0)

0.0005

0.12< Memory quartile 3 <=0.63

3.04 (1.08 – 8.55)

0.04

Hippocampus quartile 1 <=5988

2.56 (1.04 – 6.28)

0.041

5988< Hippocampus quartile 2 <=6802.0

1.78 (0.71 – 4.41)

0.22

6802< Hippocampus quartile 3 <=7620

1.09 (0.44 – 2.69)

0.85

1.5 Tesla vs 3 Tesla MRI

3.22 (1.67 – 6.21)

0.0005

tau/Aβ ratio quartile 4 >0.87

5.01 (1.79 – 14.0)

0.002

0.51< tau/Aβ ratio quartile 3 <=0.87

2.48 (0.93 – 6.61)

0.07

0.27< tau/Aβ ratio quartile 2 <=0.51

1.34 (0.51 – 3.55)

0.55

1.26 (1.07 – 1.48)

0.005

p-value for
trend

<0.0001

FAQ quartile 1 (referent, FAQ=0)
<0.0001

Memory quartile 4 (referent) (>0.63)

Author Manuscript

0.06

Hippocampus quartile 4 (referent) (>7620)

0.0001

tau/Aβ ratio quartile 1 (<=0.272)
Follow-up years

*

Author Manuscript

C-statistic 0.91, trend tests for quartiles based on p-value for coefficient of continuous variable, not applicable (n.a.) for other variables in model
(APOE4, Tesla strength, follow-up years)

Author Manuscript
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Table 3a.

Author Manuscript

Dichotomous model for unimpaired transition to aMCI (n=224)
Effect

Odds ratio

p value

Memory summary score<0.899

2.72 (1.17 – 6.34)

0.0204

Hippocampus<7310

2.08 (0.92 – 4.73)

0.08

Tau/Aβ ratio>=0.341

3.74 (1.62 – 8.65)

0.0020

Follow-up years

1.45 (1.26 – 1.68)

<0.0001

*

C statistic from logistic regression: 0.80, cutpoints determined from ROC curves

Author Manuscript
Author Manuscript
Author Manuscript
J Alzheimers Dis. Author manuscript; available in PMC 2019 May 13.

Steenland et al.

Page 19

Table 3b.

Author Manuscript

Dichotomous model for MCI transition to AD (n=424)
Effect

Odds ratio

p value

APOE4 positive

1.83 (0.99 – 3.36)

0.05

FAQ>=0.5

19.0 (8.33 – 43.1)

<0.0001

Memory summary score<0.26

7.37 (3.81 – 14.3)

<0.0001

Hippocampus<6696

1.46 (0.80 – 2.65)

0.21

1.5 Tesla vs 3 Tesla MRI

3.32 (1.72 – 6.42)

0.0004

Tau/Aβ ratio>=0.43

4.91 (2.43 – 9.89)

<0.0001

Follow-up years

1.30 (1.10 – 1.53)

0.0021

*

C statistic: 0.91. Cutpoints chosen by CART except for hippocampus, chosen via ROC

Author Manuscript
Author Manuscript
Author Manuscript
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Table 4a.

Author Manuscript

4-year predicted risk of progression from unimpaired to aMCI, by number of dichotomous risk factors

Author Manuscript

Group

Number
in group

4-year
predicted
risk

All ADNI unimpaired combined (mixture of risk factors)

224

0.17*

No risk factor

44

0.02

Low hippocampal volume

31

0.05

Low memory score

39

0.06

High tau/AB

24

0.09

Low memory and low hippocampal volume

21

0.12

Low hippocampal volume and high tau/AB

20

0.16

Low memory and high tau/AB

24

0.20

All three risk factors

21

0.35

*

Observed risk. All other risks are predicted from model with dichotomized risk factors (Table 3a), assuming an average 4 years of follow-up

Author Manuscript
Author Manuscript
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Table 4b.

Author Manuscript

4-year predicted risk of progression from aMCI to AD, by number of dichotomous risk factors with worse
values
Group

Number in
group

4-year risk

All ADNI MCIs combined (mixture of risk factors)

424

0.37*

no risk factor

33

0.01

1 risk factor

71

0.05

2 risk factors

91

0.18

3 risk factors

85

0.43

4 risk factors

75

0.72

5 risk factors

69

0.90

Author Manuscript

*

Observed risk. All other risks are predicted from model with dichotomized risk factors (Table 3b), assuming (based on the observed data) an
average 4 years of follow-up and that 30% of aMCI subjects had imaging at 1.5 Tesla at baseline. Subjects are depending on the number of ‘worse’
risk factors, eg, someone with low hippocampal volume and low memory score but low FAQ, no APOE4 variant, and low tau/AB would be in the
group with 2 risk factors.
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