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This study assessed how well longitudinally taken cognitive and functional scales from people with mild cognitive impairment (MCI) predict conversion to Alzheimer's disease (AD). Participants were individuals with
baseline MCI from the Alzheimer's Disease Neuroimaging Initiative. Scales included the Alzheimer Disease
Assessment Scale-Cognitive (ADAS-Cog) 11 and 13, the Mini Mental State Examination (MMSE), and the
Functional Assessment Questionnaire (FAQ). A joint modelling approach compared performance on the four
scales for dynamic prediction of risk for AD. The goodness of ﬁt measures included log likelihood, the Akaike
Information Criterion (AIC) and the Bayesian Information Criterion (BIC). The area under the curve (AUC) of the
receiver operating characteristic assessed predictive accuracy. The parameter α in the ADAS-Cog11, ADASCog13, MMSE, and FAQ joint models was statistically signiﬁcant. Joint MMSE and FAQ models had better
goodness of ﬁt. FAQ had the best predictive accuracy. Cognitive and functional impairment assessment scales are
strong screening predictors when repeated measures are available. They could be useful for predicting risk for
AD in primary healthcare.

1. Introduction
As the most common type of dementia, Alzheimer's disease (AD) has
become a major threat to the quality of life of older people (Hill et al.,
2017). Mild cognitive impairment (MCI) is often considered a transitional stage before advancing to AD, and patients with MCI convert to
AD with an annual progression rate ranging between 10% and 15%,
which is much higher than the 1%–2% rate observed in the general
population (Petersen, 2000; Zhai et al., 2016). Thus, patients with MCI
are usually enrolled as the target population for early prognosis and
evaluating interventions (Petersen et al., 1999).
Markers that signal MCI to AD transformation have been studied as
a means to quantify disease progression, including neuropsychological
assessments, clinical markers, and neuroimaging ﬁndings. Imaging
techniques such as magnetic resonance imaging (MRI) and ﬂuorodeoxyglucose positron emission tomography (PET) are expected to
detect the development of neuropathological changes. Imaging technology is non-invasive, objective, and real-time, which provides the

possibility of early diagnosis of AD (Teipel et al., 2015). Experts advocate that at least one neuroimaging examination is needed for a diagnosis of dementia, but frequent imaging examinations are not realistic for long-term monitoring of patients with MCI. And expensive
high-tech machinery is largely unavailable to large portions of the population, especially in non-specialist settings. In addition to clinical and
imaging, biosensors and biomarkers are promising diagnostic approaches. AD biomarkers present in CSF, in plasma and in genetic,
which are important basis for early diagnosis, course monitoring,
guiding treatment. Biosensors (using optical, electrochemical and colorimetric techniques) are presented as promising approaches for
simple, rapid and low cost diagnosis of AD (Brazaca et al., 2020).
However, they also have some limits to expect to be solved, such as lack
of speciﬁcity, high variability of test results and diﬃculty in determining uniform thresholds (Carrillo et al., 2013; Hepp et al., 2016).
Data from some of these technologies can be collected only in tertiary
or specialized medical centers and are not suitable for achieving largescale beneﬁts. For the majority of patients with MCI, detecting disease
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Signiﬁcant unstable systematic illness or organ failure. At 6 month intervals participants had been administered a multi-test cognitive battery in person or contacted by telephone and the patients were followed
up at least once. At the entry visit into ADNI, cohort subjects received
an initial diagnosis. General background and basic clinical data were
obtained from the baseline visit.

progression can be achieved through longitudinal long-term assessments with standardized cognitive scales, which is simpler and more
practical, especially in the elderly at the community level or in areas
with poor medical conditions. More comprehensive examinations are
necessary for high reliability of results when diagnosing disease or
following up to monitor disease progression.
Considering the dynamic and multidimensional nature of the aging
process, neuropsychological and functional test batteries can identify
and track subtle cognitive changes that occur in the prodromal phase of
the disease (Chapman et al., 2011). Neuropsychological tests at different time points can more accurately reﬂect actual cognitive and
functional abilities than baseline measurements (Xue et al., 2017). The
joint model can capture trajectory and predictive performance of
longitudinal markers. Furthermore, dynamic individual predictions of
an event of interest can be easily obtained from a joint model (ProustLima and Taylor, 2009; Rizopoulos, 2011; Sène et al., 2013). As such,
risk predictions for events of interest can be adjusted based on individual developmental trajectories. Predicting conversion from MCI to
AD using information from such tests may assist primary healthcare
physicians with limited resources to monitor cognitive impairments
eﬀectively.
In recent years, dementia research usually includes longitudinal
data generated by repeated measures of multiple indicators such as
cognitive function and survival data that record the time that dementia
or death occur. Longitudinal data analysis can predict the trajectory of
future measurements or clinical scores in patients with MCI
(Henderson et al., 2000; Proust-Lima et al., 2014), while failure to take
into account dependent terminal events in that a biomarker's trajectory
is directly informative about the time to event (Lo et al., 2011;
Zhang and Shen, 2012). This deﬁciency is potentially leading to biased
estimation. For survival data analysis, most risk prediction studies
(Rizopoulos, 2011; Sène et al., 2013) use Cox regression models based
on baseline measurements. This approach implicitly assumes that the
predictors stay constant for the length of the study, but this is unlikely
to be true over an extended period of years. Thus, more complex statistical methods are needed to enable both longitudinal repeated biomarker measurements and survival processes to be modelled together
while taking account of their relationship.
Therefore, in this study we joint modeled longitudinal measurements and survival data from diﬀerent scales to explore the relationship
with AD and to assess their ability to predict transition to AD.

2.2. Measures
We combined the key cognitive and functional scales collected by
the ADNI with previous studies and decided on the following scales
(Kueper et al., 2018; Li et al., 2017; Wessels et al., 2015). Measurements
in the neuropsychological domain included the Alzheimer Disease Assessment Scale-Cognitive (ADAS-Cog) (Mohs et al., 1997; Rosen et al.,
1984) and the Mini Mental State Examination (MMSE) (Folstein et al.,
1975). The ADAS-Cog is used to evaluate the cognitive characteristics
of AD and as the criterion to measure the results of AD treatment trials.
The total score is reported as a composite score of 11 or expanded to 13
items and ranges from 0 to 70 (ADAS-Cog 11) (Rosen et al., 1984) or
from 0 to 85 (ADAS-Cog13) (Mohs et al., 1997), with higher scores
indicating poorer cognitive function. The MMSE includes 11 questions
with scores ranging from 0 to 30, with lower scores reﬂecting more
severe cognitive impairment. Social activity ability was evaluated by
the Functional Assessment Questionnaire (FAQ) (Rozzini et al., 2008).
The FAQ assesses patient ability to perform 10 items in daily life. Scores
range from 0 to 30, with higher scores reﬂecting greater functional
dependence. Demographic data and apolipoprotein E (ApoE) ε4 allele
status (present or not) were also obtained at the baseline visit.
2.3. Statistical analyses
Except for baseline age and assessment scores, which were continuous, other covariates in the model were re-coded as binary variables
to enable estimation of class-speciﬁc parameters. These included sex (1:
Male, 2: Female), educational level (1: high school and below, 2: college and above), marital status (1: single (unmarried, divorced, separated, or widowed), 2: married), ApoE ε4 (1: absent, 2: present) and
diagnosis status (1: MCI, 2: AD). Continuous variables are shown as
mean (SD).
Cognitive and functional measures were collected at multiple time
points (at 6 month intervals) during the follow-up period and were
hypothesized to be related to the end-point event (progression to AD).
Joint models that take into accounts both patient characteristics and
longitudinal measurements were developed and assessed the predictive
power.
A joint model consists of two sub-models: the longitudinal submodel and the survival sub-model. The longitudinal sub-model is a
linear mixed-eﬀect model (Laird and Ware, 1982) that describes the
evolution of cognitive and social functions over time, while adjusting
for covariates such as age at baseline, sex, educational level, marital
status, and presence of ApoE ε4. A random intercept and a random
slope of time are also included in the longitudinal sub-model to capture
participant variation. The survival sub-model takes the form of a Cox
proportional hazards model (Andersen et al., 1982; Fleming and
Harrington, 2011) with baseline covariates including age, sex, ApoE ɛ4,
educational level, and one of the longitudinal measures. The survival
time (in months) is deﬁned as the time between the baseline visit and
AD conversion. The parameter α in the Cox model links the two submodels and quantiﬁes the association between the longitudinal measurements and the risk of AD conversion.
The parameter estimation of the joint model uses the maximum
likelihood estimates method (Rizopoulos, 2010; Wulfsohn and
Tsiatis, 1997). We used logarithmic likelihood function values, the
Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC) to assess the goodness of ﬁt of the model. The smaller the
AIC and BIC values, the larger the logarithmic likelihood function

2. Methods
2.1. Participants
Data used in the preparation of this article were obtained from the
Alzheimer's Disease Neuroimaging Initiative (ADNI) (Krishnan et al.,
2005) database (adni.loni.usc.edu). The ADNI was launched in 2003 as
a public-private partnership, led by Michael W. Weiner. ADNI enrolls
participants between the ages of 55 and 90 who are recruited at 57 sites
in the United States and Canada. After obtaining informed consent,
participants undergo a series of initial tests that are repeated at intervals over subsequent years. The primary goal of the ADNI has been to
test whether serial MRI, PET, other biological markers, and clinical and
neuropsychological assessments can be combined to measure the progression of MCI and early AD. For up-to-date information, see www.
adni-info.org.
Participants were included in the current study if they had diagnosis
of MCI at baseline, including those who developed AD during the
follow-up period from 2005-2017. The inclusion and exclusion criteria
were as follows. Inclusion criteria: 1) MMSE score range between 24
and 30. 2) Geriatric Depression Scale score less than or equal to 5. 3)
Age 65 years or above. 4) Medication stable. 5) Good general health.
Exclusion criteria: 1) Meet the DSM-IV criteria for Dementia. 2)
Signiﬁcant neurological or psychiatric illness other than AD. 3)
2
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values and thus the better the model ﬁtting. In addition, individual risk
prediction of AD computed for a new participant given their biomarker
history can be obtained from the joint model. The ﬁrst 6 time points
(the data of the ﬁrst 36 months) were used as the training set, and the
data of the later time points were used as the test set. The parameter
estimation of the joint model was derived from the training set and
applied to the test set. The area under the receiver operator characteristic (ROC) curve (AUC) in the time frame (t , t + Δt ) was calculated to assess the discriminative capability of the four longitudinal
markers for AD conversion (Li et al., 2017). We selected t at 42nd, 48th,
54th, and 60th month, and Δt as 9 and 18 months. An AUC of 0.5 indicates no discrimination between cases and controls, whereas an AUC
of 1.0 indicates perfect discrimination (Bansal and Heagerty, 2019).
Analyses were performed using the package “JM” in R, version
3.5.1. The hazard ratio (HR) and its 95% conﬁdence interval (CI) are
reported. P < 0.05 was considered to be signiﬁcant.

during the study period (P < 0.001). Concurrently, the association
between the four longitudinal markers and AD incidence were evaluated using the parameter α. The correlation parameter α in the four
models indicated statistical signiﬁcance (P < 0.001). We found increased risk of AD with higher scores on the ADAS-Cog11 (HR: 1.193;
95% CI: 1.159–1.228), ADAS-Cog13 (HR: 1.153; 95% CI: 1.128–1.178),
MMSE (HR: 0.797; 95% CI: 0.766–0.829), and FAQ (HR: 1.181; 95% CI:
1.153–1.209).
Table 3 shows the goodness-of-ﬁt test for the four models. The joint
models based on repeated measurements of MMSE and FAQ scores as
ﬁtted better than the model for the other markers.
3.2. Predictive performance of diﬀerent longitudinal markers
Table 4 compares prediction accuracy of four longitudinal markers
at diﬀerent times, indicating that all four longitudinal markers have
moderate predictive ability. For example, in the ﬁrst column of Table 4,
we used all previous observations of the remaining patients with MCI
(those who had not progressed to AD) at month 42 to predict their
disease status between month 42 and 51.
Across the whole time of the analysis (t, t+Δt), the prediction accuracy of the FAQ scale was the best, with AUCs ranging from 0.736 to
0.852. In addition, diﬀerent markers showed diﬀerent predictive values
at varying time points during disease progression, which were also reﬂected in changes in the AUC over time. These results indicate that the
FAQ still maintains moderate discriminatory ability.

3. Results
A total number of 501 participants with MCI at baseline participated
and 277 (55.3%) developed AD during the follow-up period.
Participants were followed up for a mean of 46.5 ± 32.7 months (range
6–120 months) before conversion to AD or censoring. The average
( ± SD) scores for the ADAS-Cog11, ADAS-Cog13, MMSE, and FAQ
were 14.15 ± 6.35, 22.38 ± 8.37, 25.55 ± 3.27, and 7.23 ± 6.43, respectively. Table 1 shows the demographic characteristics of the study
population. Fig. 1 presents cognitive and functional aging is a highly
complex, dynamic and multidimensional process.

4. Discussion
We used joint modeling to examine the association between variations in repeated longitudinal cognitive/functional measures and AD
progression. The joint modeling analyses included both longitudinal
and survival data, which allowed the dependency and correlation between longitudinal measures and event occurrence to be assessed.
Moreover, it could consider problems such as measurement error,
missing information, and random eﬀects caused by individual diﬀerences.
From the α parameter in the joint model, we saw that the ability of
the ADAS-Cog11, ADAS-Cog13, MMSE, and FAQ to predict the risk of
conversion MCI to AD was statistically signiﬁcant. Thus, cognitive decline and functional impairment (the predictors) over time may increase the risk of AD in patients with MCI. Furthermore, we compared
the predictive performance (i.e., the AUC) of four longitudinal markers
and found that the FAQ was the strongest predictor of conversion from
MCI to AD, followed by the ADAS-Cog and the MMSE. Previous studies
have shown that the FAQ can diﬀerentiate patients with MCI from those
with AD with high discriminatory ability (Marshall et al., 2015;
Teng et al., 2010), and the individual items can predict AD more sensitively. It may be that better daily activities and substantial social
engagements stimulate blood circulation in the prefrontal cortexstriatum circuit, thereby improving cognitive function (Gill et al.,
2011). FAQ is helpful to check whether the individual's neuropsychological symptoms are abnormal, such as delusion, excitement, abnormal
motor function, etc. Individuals may experience steep functional declines in the immediate years post-diagnosis, which reﬂects the longitudinal dynamic change of FAQ (Jutkowitz et al., 2017). And minor
interruptions in daily function can indicate later stages of disease progression in patients with MCI, so the FAQ is an essential tool for identify
signs for alarm (Brown et al., 2011). It is worth noting that a quantitative metric threshold of functional decline to accurately separate MCI
and AD has not been established. Solving this problem requires identifying potential biological mechanisms that cause disruptions in daily
activities.
Fleisher et al. compared the predictive accuracy of cognitive measurements including ADAS-Cog and MMSE in predicting the progress of
AD, and found that the accuracy was high (Fleisher et al., 2008). They

3.1. Joint model results for the four assessment scales
The results of the joint model with repeated measurements of the
ADAS-Cog11, ADAS-Cog13, MMSE, and FAQ score as longitudinal
markers are shown in Table 2. In the joint model, the longitudinal submodel included follow-up time, educational level, sex, marital status,
baseline age, and ApoE ε4 gene status. The survival sub-model included
sex, ApoE ε4 status, educational level, and one of the longitudinal
markers.
The eﬀects of covariates can be explained by model parameter estimates. In the longitudinal part of the models, a signiﬁcant eﬀect of
time on ADAS-Cog11, ADAS-Cog13, MMSE, and FAQ was observed
Table 1
Baseline characteristics of participants with mild cognitive impairment (MCI)
Characteristics
Age, years
Sex
Male
Female
Educational level, years
Marital status
Married
Single
ApoE ε4
Present
Absent
Diagnosis status
MCI
AD
ADAS-Cog11
ADAS-Cog13
MMSE
FAQ

Mean (SD) or n (%)
74.07 (7.39)
304 (60.7%)
197(39.3%)
15.86 (2.96)
391 (78.0%)
110 (22.0%)
221 (44.1%)
280 (55.9%)
224 (44.7%)
277 (55.3%)
14.15 (6.35)
22.38 (8.37)
25.55 (3.27)
7.23(6.43)

Abbreviations: ADAS-Cog, Alzheimer Disease Assessment ScaleCognitive; MMSE, Mini-Mental State Examination; FAQ, Functional
Activities Questionnaire; SD, standard deviation.
3
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Fig. 1. Trajectories of ADAS-Cog 11, ADAS-Cog 13, MMSE and FAQ for 30 random participants

Table 2
Joint Model Results for the ADAS-Cog11, ADAS-Cog13, MMSE, and FAQ
Variable
Longitudinal sub-model
Intercept
Follow-up time
Educational level
ApoE ε4
Sex
Marital status
Baseline age
Survival sub-model
Sex
ApoE ε4
Educational level
α

ADAS-Cog11
Coeﬃcient

p

ADAS-Cog13
Coeﬃcient

p

MMSE
Coeﬃcient

p

FAQ
Coeﬃcient

p

5.217
0.116
-0.447
1.426
0.186
-1.570
0.087

0.013*
<0.001*
0.362
<0.001*
0.662
0.002*
0.001*

9.640
0.166
-1.073
2.395
0.455
-2.318
0.126

0.001*
<0.001*
0.127
<0.001*
0.456
0.001*
0.001*

29.983
-0.078
0.518
-0.382
-0.389
0.478
-0.042

<0.001*
<0.001*
0.014*
0.023*
0.032*
0.025*
<0.001*

2.125
0.169
0.293
0.754
-0.221
-1.338
0.021

0.333
<0.001*
0.583
0.067
0.619
0.011*
0.445

0.965(0.737,1.264)
1.443(1.089,1.913)
1.212(0.849,1.730)
1.193(1.159,1.228)

0.798
0.011*
0.290
<0.001*

0.912(0.694,1.199)
1.367(1.030,1.815)
1.259(0.876,1.808)
1.153(1.128,1.178)

0.509
0.031*
0.213
<0.001*

0.905(0.691,1.185)
1.554(1.180,2.047)
1.100(0.782,1.544)
0.797(0.766,0.829)

0.469
0.002*
0.587
<0.001*

1.366(1.040,1.794)
1.587(1.197,2.106)
1.092(0.766,1.558)
1.181(1.153,1.209)

0.025*
0.001*
0.625
<0.001*

For the Survival sub-model, the coeﬃcient is hazard ratio.
* p < 0.05
4
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Regarding the inﬂuencing factors related to longitudinal markers, a
large number of epidemiological studies have shown that cognitive
function and functional impairment in patients with MCI is related to
factors such as age, sex, educational level, lifestyle, and disease history.
The results of our study suggest that age, marital status, educational
level, sex, and the ApoE ε4 allele were related to the cognitive decline
in patients with MCI; marital status was related to social dysfunction.
Among them, whether educational level protects against cognitive impairment is still controversial. Currently, some studies have shown that
lower levels of education are related to faster declines in cognitive
function (Alley et al., 2007). However, studies also suggest that people
who have been educated for a long time show rapid cognitive decline
once they show clinical symptoms (Meng and D'Arcy, 2012; Soto et al.,
2008). In our study, it was found that a high level of education had a
protective eﬀect on cognitive function and was helpful for improving
cognition. In normal life, if older people exercise, do housework, shop,
read, and learn, it can delay the decline of cognitive and social functions.
The present study has two limitations. First, a single longitudinal
marker was considered in this study and a continuous potential variable
was introduced to represent the patient's potential disease severity
(Wang et al., 2017) . The joint modeling was extended to the multivariate joint model with multiple longitudinal markers proposed by He
et al. (He and Luo, 2016). Future studies relied on multiple serial
measurements that can enhance the predictive power are likely to help
reveal the best combination of predicted AD risk in MCI. Second, the
ADNI queue is a convenient sample, not an epidemiological queue,
which likely resulted in recruiting more impaired participants. Scientiﬁc epidemiological queues will be better for the joint modeling.
This study suggests that using the cognitive and function impairment assessment scales to monitor cognitive decay provides an inexpensive way to follow the prodromal MCI population and measure
AD conversion rate. Thus, they can be useful in non-specialist settings
for predicting AD progression.

Table 3
The goodness-of-ﬁt evaluation results for the four models
Longitudinal markers

Log likelihood

AIC

BIC

ADAS-Cog11
ADAS-Cog13
MMSE
FAQ

-6774.46
-7199.75
-5513.41
-6627.04

13584.92
14435.50
11062.83
13290.09

13660.82
14511.40
11138.73
13365.99

Abbreviations: AIC, Akaike Information Criterion; BIC, Bayesian Information
Criterion.
Table 4
Comparison of prediction accuracy for the four longitudinal markers at different times (AUC)
Longitudinal
markers
ADAS-Cog11
ADAS-Cog13
MMSE
FAQ

Δt (month)
t (month)

9
42

48

54

60

18
48

60

0.719
0.752
0.760
0.819

0.806
0.811
0.689
0.792

0.731
0.673
0.753
0.852

0.645
0.636
0.665
0.792

0.763
0.758
0.697
0.786

0.655
0.654
0.687
0.736

were also sensitive to the changes of AD and MCI populations over time
(Harrison et al., 2018). Meta-analysis by Li et al. also showed that lower
MMSE scores and higher ADAS-Cog scores resulted in a higher risk of
cognitive decline from MCI to AD (Song et al., 2018). Some studies have
suggested that the best performing combination of predictors in MCI
and mild AD populations is the combination of the FAQ with ADASCog13(Wessels et al., 2015). Tappen E, et al used Mini-Cog-FAQ and
MMSE-FAQ in cognitive screening of older African Americans, Hispanic
Americans, and European Americans (Tappen et al., 2010). Jutkowitz,
et al used longitudinal data of MMSE-FAQ and the Neuropsychiatric
Inventory Questionnaire (NPI-Q) to evaluate cognitive trajectories of
457 patients with mixed eﬀects linear regression models
(Jutkowitz et al., 2017). Therefore, when assessing dementia in older
people and patients with MCI, we should consider combining cognitive
measurements with social function assessment to predict the risk of AD.
Due to the diﬀerence of cultural level and social background in diﬀerent
countries or regions, the diagnosis and treatment pattern have inﬂuence
on the neuropsychological assessment results (Wu et al., 2020). The
joint model can be used to select the appropriate screening tools based
on local conditions and data.
Regular cognitive screening for MCI may help personalize care plans
for patients and home caregivers. Medical staﬀ can conduct regular
follow-up assessment of cognitive function, social function, or other
markers, and intervene in time to delay the progress of the disease.
However, because the overall prevalence rate is low in the primary
health care environment, it is still controversial to screen patients with
cognitive impairment. Also, there is a misunderstanding that people
believe AD is natural aging and the visit rate of dementia is low. Some
patients only go to check when their disease develop to severe or when
they can't even take care of themselves. If patients are examined with
neuropsychological tests during community management, the participation of the elderly may increase (Xue et al., 2017; Xue et al., 2018).
For regions where AD primary screening start late, especially in nonspecialist settings, it is easier to train and carry out repeated longitudinal cognitive/functional assessments. It is feasible and meaningful
to spend time on non-medical personnel training. Non-specialists may
further add capacity in the workplace and reduce physician workload
(Islam et al., 2020). After the doctor has diagnosed the patient with
MCI, a trained professional investigator can conduct cognitive and
functional measurements on him in the ward. The mutual assistance
group can also be established to carry out health education and followup, so as to track the patient's health status related to AD. This has
obvious advantages, such as short training requirements, easy management, and high accessibility.
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