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Abstract: The evolution of functional autonomy loss leads to institutionalization of people affected
by Alzheimer’s disease (AD), to an alteration of their quality of life and that of their caregivers.
To predict loss of functional autonomy could optimize prevention strategies, aids and cost of care.
The aim of this study was to develop and to cross-validate a model to predict loss of functional
autonomy as assessed by Instrumental Activities of Daily Living (IADL) score. Outpatients with
probable AD and with 2 or more visits to the Clinical and Research Memory Centre of the University
Hospital were included. Four Tree-Augmented Naïve bayesian networks (6, 12, 18 and 24 months
of follow-up) were built. Variables included in the model were demographic data, IADL score,
MMSE score, comorbidities, drug prescription (psychotropics and AD-specific drugs). A 10-fold
cross-validation was conducted to evaluate robustness of models. The study initially included
485 patients in the prospective cohort. The best performance after 10-fold cross-validation was
obtained with the model able to predict loss of functional autonomy at 18 months (area under the
curve of the receiving operator characteristic curve = 0.741, 27% of patients misclassified, positive
predictive value = 77% and negative predictive value = 73%). The 13 variables used explain 41.6%
of the evolution of functional autonomy at 18 months. A high-performing predictive model of AD
evolution of functional autonomy was obtained. An external validation is needed to use the model in
clinical routine so as to optimize the patient care.

Keywords: Alzheimer disease; activities of daily living; Bayes theorem

1. Introduction and Objective

Alzheimer’s disease (AD) is the most common neurodegenerative disease and repre-
sents two thirds of dementia cases in the elderly population [1]. In 2015, about 46 millions
of persons in the world were affected by AD. The prevalence may double every 20 years [2].
In 2008, according to the PAQUID study, France counted 850,000 persons living with AD [3].

AD is characterized by cognitive disorders, functional impairment and behavioral dis-
orders. Functional impairment is initially manifested by a loss of autonomy in instrumental
activities of daily living (IADL) and thereafter in basal activities of daily living (BADL) [4].
AD is the first cause of dependency of elderly people [3]. This neurodegenerative disease
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presents with a long asymptomatic period during, which, only characteristic neuropatho-
logical lesions, i.e., amyloid deposits and tau pathology, are observed in the brain. This
phase, which may be associated with amyloid/tau pathology and neurodegenerescence
biomarkers, is followed by a subjective cognitive decline phase centered on memory, a
mild neurocognitive disorder phase and lastly, the stage of dementia also known as major
neurocognitive disorder, which induces autonomy loss. This biological, neuroimaging and
clinical continuum illustrates a long period of duration of the disease, which should favor
multidomain and early interventions involving primary to tertiary prevention programs.
As a result, multidomain data and models are crucially needed to better understand the
natural course of the disease and the major drivers of the changes in condition associated
with AD.

IADL assessment is common in clinical practice and research studies as a means of
evaluating functional impairment in patients with dementia. In the national database of
AD in France, the IADL score is part of the limited recorded data set on AD [5].

The loss of functional autonomy loss is variable from one individual to another, with
different consequences in terms of his/her quality of life and that of relatives, caregiver’s
burden, and increased hospitalizations and institutionalizations [6–9]. Currently, while
there is no curative treatment for cure AD, management can slow the progression of the
disease and prevent some complications. In France, the medical and paramedical costs
(establishing the diagnosis, care of patients at home, care in health facilities or nursing
homes) of AD come to 5.3 billion euros a year, making management of AD a major public
health issue [10]. About 53% of these costs are related to hospitalizations due to complica-
tions of AD e.g., falls, behavioral disorders, malnutrition, depression. Informal support,
i.e., personal care, assistance with dressing, walking, cleaning, budget management, has
been estimated at 14 billion euros per year, on average [10].

A predictive model would anticipate an unfavorable evolution of functional autonomy
and optimize the management of patients with AD, especially by helping to construct
individualized intervention including new disease-modifying drugs, so as to maintain
functional autonomy, which is essential to the planning of care needs.

Bayesian networks (BN) have found applications in multiple fields, such as biology,
bioinformatics, image processing, social networks and financial analysis. While their use in
medicine is still low, there is growing interest in developing a diagnostic and prog-nostic
model to aid medical decision-making in the prediction of falls in aging patients [11], r the
diagnosis of primary hyperaldosteronism [12] the prediction of pressure ulcers in intensive
care units [13] or the diagnosis of acute appendicitis [14]. These models are very practical
in the representation of uncertain knowledge and reasoning from incomplete information,
especially insofar as they mimic the behavior of the physician. Langarizadeh et al. recently
showed its effectiveness for the construction of predictive models in medicine [15].

BN has already been used with success in AD. Seixas et al. have built a model to help in
diagnosis of dementia, AD and Mild Cognitive Impairment (MCI) [16]. Sun et al. have also
successfully built a BN, using magnetic resonance imaging (MRI) and other de-mographic
and patient health data as variables, in order to classify patients with MCI [17]. To date,
despite the major impact on quality of life and costs of loss of functional autonomy, no
study has been published regarding a relevant predictive model.

The aim of this study was to develop and to cross-validate a BN to predict loss of
functional autonomy, as measured by IADL score.

2. Method
2.1. Study Design—Data

This is an analytical study based on data from an observational, longitudinal and
prospective cohort.

Since 2011, the cohort includes all patients at all stages of neurocognitive disorders
visiting the University Clinical and Research Memory Center (CMRR). The primary aim of
this cohort is to evaluate predictive factors of loss of functional autonomy.
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For the present study, the data of all patients of a memory center with at least 2 visits
and diagnosed as probably with AD (diagnosis made according to the National Institute of
Neurological and Communicative Disorders and Stroke—Alzheimer’s Disease and Related
Disorders Association (NINCDS-ADRDA) criteria) were extracted from the database.

T0 corresponds to modalities of variables at the beginning of the analysis period. Vari-
ables included in the models were: sex, age, number of comorbidities, geographic location
of the patient, family situation of the patient, MMSE score, IADL score, antipsychotic,
anxiolytic, antidepressant, hypnotic, Alzheimer’s-specific drug prescriptions.

Target variable was IADL score evolution at the end of the analysis period as fol-
lows: degradation corresponded to a decrease of at least 1 point on IADL score and
non-degradation modality for stable patients and for patients with a gain of points on
IADL score.

Continuous variables were discretized into classes to be included in the model. The
MMSE score (min 0 points—max 30 points) was discretized into 5 classes: less than 10;
between 10 and 15; between 16 and 20; between 21 and 25; greater than 25. Discretization
was performed with respect to the stages of the disease: severe AD (MMSE score less than
10); moderate AD (MMSE score between 10 and 20); mild AD (MMSE score greater than
20); and to take into account the possible association between the MMSE score and the
loss of functional autonomy shown in the literature [18,19]. The number of comorbidities
was discretized into 2 classes: less than 2; equal to or greater than 2 as in the study by
Melis et al. [20]. Finally, age was discretized into 7 classes: under 65, 65 to 69, 70 to 74,
75 to 79, 80 to 84, 85 to 89 and equal to or over 90. The IADL score was not discretized
due to the small number of modalities. An IADL score equal to 0 corresponds to a total
loss of functional autonomy and an IADL score equal to 8 corresponds to total functional
au-tonomy in activities of daily living [21].

Variables regarding psychotropic drug prescriptions were categorized in two modal-
ities: yes or no. The Alzheimer-specific drug prescriptions were categorized in four modali-
ties: no, cholinesterase inhibitor, cholinesterase inhibitor with memantine and memantine.
Posology was not included because of the large number of missing values, superior to 20%.

Four models were built to evaluate best period for prediction of evolution of functional
autonomy: at 6 months (T6), 12 months (T12), 18 months (T18) and 24 months (T24); the
visits at 6 months, 12 months, 18 months and 24 months were consequently selected for
analysis. The procedure was performed for visits with no missing data.

2.2. Construction and Validation—Bayesian Network

A BN is a directed acyclic graphic where nodes represent random variables and arrows
represent the relationship between two random variables. Probability tables for each node
conditional to the parent nodes (parameters) are calculated using conditional probability as
defined by Bayes’ theorem.

To build BN we should build a structure (graph model) and estimate parameters
(conditional probability table) of the model. As the computation of probabilities is always
possible, the BN does not require any assumption (non-parametric approach).

To structure four BNs (T6, T12, T18 and T24), we used the tree-augmented Naïve (TAN)
Bayes algorithm and the local metric score called entropy to find the best model for each
prediction time. To learn model parameters, we used the maximum likelihood method.

The TAN algorithm is defined on the one hand by the fact that all variables are linked
to a target variable and on the other hand by the fact that each variable is dependent
on another variable. In this network each variable has two parents: target variable and
another variable.

Predictive capabilities were evaluated by 10-fold cross validation method with the
area Under the Receiver Operating Characteristic curve (AUC-ROC), positive predictive
value (PPV), negative predictive value (NPV) and the rate of patients misclassified in our
model via the confusion matrix. A sensitivity study was carried out to analyze percentage
of information provided by each variable to explain target variable.
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The construction and validation steps were carried out with the WEKA data-mining
software (version 3.9). Sensitivity study was performed with NETICA software (version 6.04).

2.3. Comparison with Logistic Regression

The best model obtained by the tree-augmented Naïve (TAN) Bayes algorithm was
compared to logistic regression with the enter method, usually considered as a reference
for predictive models (AUC-ROC, rate of patients misclassified, PPV and NPV).

2.4. Statistical Analysis

A comparison of patients with AD from the initial cohort and patients included in the
analysis was performed. Numeric variables were tested by the nonparametric Kruskal–
Wallis test. For categorical variables, a Chi-square test was performed. Medcalc soft-ware
(version 18.2.1) was used for statistical analysis. The degree of significance was de-fined by
p < 0.05.

3. Results

Between January 2011 and November 2017, the database recorded 1016 patients who
consulted at the memory center. Among them, 348 patients not affected by AD were
excluded. Finally, after exclusion of patients with only one consultation, 485 patients were
eligible for study (Figure 1).
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Figure 1. Flowchart.AD = Alzheimer’s disease.

No significant difference was found between the AD patients in the database and
patients included in the analysis (study population) (Table 1). At the beginning of the
analysis, the mean IADL score of the study population was 3.4 +/− 2.1 and the mean
MMSE score was 18.2 ± 5.6. A majority of patients were women, living in the city of the
memory center, and living with a family member at home. A majority of patients had no
psychotropic drug prescription (antipsychotic, anxiolytic, antidepressant or hypnotic). In
the study population, 37% of patients had no Alzheimer’s-specifics drug prescription and
41% of patients had cholinesterase inhibitor prescription.
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Table 1. Clinical and demographic characteristics at baseline.

Variables All AD Patients (n = 668) AD Patients with ≥2 Visits (n = 485) p

Age 82.1 ± 6.13 82.1 ± 6.2 n.s
Sex (Female) 61.4 64.3 n.s

Geographic location
CMRR city 81.4 82.1 n.s

<50 km not in CMRR city 16.5 15.7 n.s
>50 km 1.8 1.9 n.s

Out of region 0.3 0.4 n.s
Family situation

Lived with someone 63.0 63.9 n.s
Lived alone 33.4 32.8 n.s

Lived out of home 3.0 2.9 n.s
Lived at home without other information 0.4 0.4 n.s

Other 0.1 0.0 n.s
Comorbidities: number 1.3 ± 1.7 1.3 ± 1.7 n.s

IADL score 3.3 ± 2.1 3.4 ± 2.1 n.s
MMSE score 18.1 ± 5.8 18.2 ± 5.6 n.s

Antidepressant drug prescription (No) 62.1 62.3 n.s
Antipsychotic drug prescription (No) 94.9 95.3 n.s

Anxiolytic drug prescription (No) 84.1 84.9 n.s
Hypnotic drug prescription (No) 97.3 96.9 n.s

Alzheimer’s specific-drug prescription
No 41.5 37.1 n.s

ChEI 38.0 40.8 n.s
ChEI and memantine (EBIXA) 3.6 4.7 n.s

Two ChEIs 0.7 0.6 n.s
Memantine (EBIXA) 16.2 16.7 n.s

CMRR = University Clinical and Research Memory Center. IADL = instrumental activities of daily living.
MMSE = Mini-mental state examination. ChEI = cholinesterase inhibitor. ChEIs = cholinesterase inhibitors. Values
expressed % or mean ± SD. n = number of patients. n.s = non-significant.

The number of patients and visits included in each of the 4 models is specified in
Table 2.

Table 2. Group composition (number of visits and patients).

Group Number of Visits
Initially Visits Excluded Number of Visits

Included

T6 307 68 239 (153 patients)
T12 261 50 211 (159 patients)
T18 109 18 91 (74 patients)
T24 64 13 51 (43 patients)

T6 = model to predict evolution of functional autonomy at 6 months. T12 = model to predict evolution of functional
autonomy at 12 months. T18 = model to predict evolution of functional autonomy at 18 months. T24 = model to
predict evolution of functional autonomy at 24 months.

After internal validation by 10-fold cross-validation, the predictive model of the IADL
score evolution at 18 months (T18) (Figure 2) showed the best performance with an AUC-
ROC of 0.741, percentage of patients misclassified of 27%, PPV of 77% and NPV of 63%.
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Figure 2. Structure of the T18 Bayesian Network. CMRR = University Clinical and Research Memory
Center of Lyon. IADL = instrumental activities of daily living. MMSE = Mini-mental state examination.
ChEI = cholinesterase inhibitor. EBIXA = Name of the specialty memantine.

The predictions of each model obtained after 10-fold cross-validation are presented in
Figure 3.

Forecasting 2022, 4, FOR PEER REVIEW  6 
 

AUC-ROC of 0.741, percentage of patients misclassified of 27%, PPV of 77% and NPV of 
63%. 

 
Figure 2. Structure of the T18 Bayesian Network. CMRR = University Clinical and Research 
Memory Center of Lyon. IADL = instrumental activities of daily living. MMSE = Mini-mental state 
examination. ChEI = cholinesterase inhibitor. EBIXA = Name of the specialty memantine. 

The predictions of each model obtained after 10-fold cross-validation are presented 
in Figure 3. 

 
Figure 3. Performance after cross-validation of predictive models of loss of functional autonomy at 
6 months (T6), at 12 months (T12), at 18 months (T18) and at 24 months (T24). AUC-ROC = area 
under the curve of the receiving operator characteristic curve. NPV = Negative predictive value 
(percentage). PPV = Positive predictive value (percentage). 

 

 
AUC_ROC 

PPV 

Percentage_of_patients_misclassified 

NPV 

T6                         T12                       T18                        T24 T6                         T12                       T18                        T24 

T6                         T12                       T18                        T24 T6                         T12                       T18                        T24 

% 

% % 

% 

Figure 3. Performance after cross-validation of predictive models of loss of functional autonomy at
6 months (T6), at 12 months (T12), at 18 months (T18) and at 24 months (T24). AUC-ROC = area
under the curve of the receiving operator characteristic curve. NPV = Negative predictive value
(percentage). PPV = Positive predictive value (percentage).

The sensitivity study of each model showed that the total percentage of information
provided by each variable to explain the evolution of functional autonomy increased with
prediction time: 12.5% in the T6 model, 20.0% in the T12 model, 41.6% in the T18 model
and 74% in the T24 model. The variables to best explain the target variable were model-
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dependent, however, for each model, the IADL score at T0 provided the most in-formation.
The age at T0 was one of the three main variables o explaining the evolution of functional
autonomy regardless of prediction time. On the contrary, psychotropic drug prescription at
T0 provided the least information.

The T18 model obtained by logistic regression (enter method) showed the following
characteristics: AUC-ROC = 0.691; percentage of misclassification = 29%; PPV = 79% and
NPV = 60%.

4. Discussion

Functional autonomy loss represents the main source of handicap in patients with
AD. It ultimately leads to dependency resulting in a decline in the patient’s quality of life,
caregiver burden, major cost of care and an increased risk of institutionalization. To predict
this evolution of functional autonomy could optimize help and costs. The purpose of this
work was to build and validate a BN model to specify the risk of functional autonomy loss
of patients with AD. To our knowledge, no study had previously been published about a
predictive model for loss of functional autonomy.

One of the built models correctly predicted the evolution of IADL score (AUC-ROC
= 0.741 (Figure 4); rate of patients misclassified = 27%; PPV = 77% and NPV = 63%) at 18-
month (T18). This performance, obtained after 10-fold cross validation, is encouraging and
highlights the model’s interesting predictive capabilities. Compared to the usual logistic
regression method, the T18 BN model showed slightly better performance on AUC of the
ROC curve, PPV, NPV and error classification rate. The predictive performance obtained
after 10-fold cross-validation increased to reach an optimum for the T18 model. This
observation could be explained by the natural history of the disease with a slow evolution
of loss of functional autonomy in AD patients at 6 months (T6 model) and 12 months
(T12 model). Delva et al. concluded that there are relatively few data available to describe
the natural course of functional decline in AD patients [22]. The poor performance of the
T24 model could also be explained by a relatively lack of data in the cohort at that time.
The more the prediction time increases, the fewer the number of visits, and a low number
of visits is problematic for the robustness of 10-fold cross validation.
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The sensitivity study showed that the variables included explained 41.6% of the
functional autonomy loss at 18 months. The variables providing the most information
relative to the evolution of the IADL score were different according to the prediction of the
loss of functional autonomy. For all models, the IADL score 6 months before, 12 months
before, 18 months before or 24 months before were the variables providing the most
information to explain the degradation observed at the different times studied. As shown
in the results, the longer the prediction time, the higher the total percentage of information
provided by all the variables. This observation confirms the difficulty of predicting at
6 months and 12 months and demonstrates that the prediction of evolution at 24 months
would probably be more optimal with a larger number of visits.

The study by Melis et al. demonstrated a more rapid decline of functional autonomy
in patients with dementia and multimorbidity [20]. Mok et al. showed that the MMSE score
was significantly correlated with the IADL score [23]. Lechowski et al. found a significant
association between MMSE score and IADL score and between age and IADL score [19].
In the present study a link was likewise observed between the evolution of functional
autonomy and age, MMSE score or number of comorbidities.

This work has some limitations, especially regarding the number of visits, which
could be optimized to reinforce performance of the models. Indeed, artificial intelligence
requires large databases to obtain robust models with good predictive qualities. An external
validation with a sample of patients, other than the one used for the construction and
internal validation of the network, would be needed before any clinical use of the models
could be achieved. Data that were collected in clinical routine may have included input
errors. In addition, the fact that comorbidities were not precisely documented prevents a
detailed analysis of this variable.

Additional variables could be included in models, for example behavioral disorders
or markers of cerebral atrophy. Behavioral disorders were found to be linked with loss of
functional autonomy in the literature [24]. Markers of cerebral atrophy, markers of disease
progression, could also be associated with a decline in functional autonomy [25]. Moreover,
it would be interesting in a new study to evaluate the role of comorbidities in functional
autonomy evolution, with the measurement of the CIRS-G (Cumulative illness rating scale
geriatric) score [26,27] or Charlson index [28].

5. Conclusions/Relevance

To our knowledge this study presents the first model to predict the evolution of
functional autonomy loss at 18 months in patients with AD. The results obtained through
this work are promising and underscore the usefulness and high performance of BN
artificial intelligence, in medicine, as a means of explaining multifactorial events such as
functional autonomy loss in patients with AD. In addition, BN also has the advantage of
being usable despite the absence of certain data concerning the patient, which often occurs
in practice. This model would be a real step forward for optimized management of patients
with AD: to anticipate dependency, to plan necessary aid and assistance, to provide access
to clinical trials and future disease-modifying drugs, to anticipate institutionalization and
to optimize rehabilitation focused on the maintenance of activities.
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