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Abstract - Alzheimer’s is one of the chronic diseases that stand as a challenge in the geriatrics domain. The
symptoms, diagnosis and treatment varying from person to person makes it more complex to understand
the inherent nature of this disease. The lifestyle factors and behavioural traits play major role in the onset
and progression of Alzheimer’s disease compared to genetic factors. Studying and analysing such
behavioural traits would help the healthcare practitioners to understand its effect on the progression of the
disease and its manageability in the advanced stages. This would culminate in enhancing the provision of
customized palliative care to alleviate the trauma faced by patients and their caregivers. Making the
machines learn from and build models on such data would make the task of healthcare professionals, much
easier and quicker. It assists the healthcare stakeholders in studying large amounts of patient data and get
equipped to work with patient specific symptoms, to strategize their treatment and improve terminal care
facilities. The social media data, available in the form of discussions on patient support groups hosted by
Facebook, is manually curated and used for training various machine learning models. Gaussian Naive
Bayes followed by Support Vector Machine were found to be the best performing models based on various
context specific evaluation metrics.
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1. Introduction

Alzheimer’s is an irreversible and a progressive brain disorder that gradually hampers the memory and
thinking skills which culminates into cognitive impairment [1]. This disease is more prevalent in western countries
compared to other parts of the world. Despite being ranked as one of the successful and happiest countries in the
world, Finland and United States stand at the top among the most affected countries, by Alzheimer’s. Canada,
Iceland, and Sweden follow in numbers raising debatable questions on the factors that lead to this disease.
Alzheimer’s has been the 6% leading cause of death in the United States though the mortality rates have
significantly improved in the last 20 years [2]. Magnetic Resonance Imaging (MRI) features that depict the brain
tissue shrinkage is the only means, so far, to predict the rate at which the cognitive health declines from mild
impairment to dementia. But, researchers believe that the interplay of lifestyle, environmental and behavioural
factors constitute the major cause for onset and progression of Alzheimer’s, which eventually affect the brain,
though less than 1% of the time, it is caused by gene specific factors [3]. Studying and using the lifestyle related
factors, personality & behavioural traits, and their effect on the important aspects of Alzheimer’s disease will be
of great help to the medical practitioners (specifically neurologists and neuropsychologists) to customize their
treatment and counselling methods that alleviate the trauma this disease causes to the patients as well as caregivers.
This kind of data would even help them to understand various trends related to the disease and its progression.
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Patient networks/communities on social media are a rich source of data in the form of discussions about how
patients and their caregivers deal with the disease, its progression and repercussions, diagnosis and treatment
methods, and many such relevant issues. Analysing this data would help the stakeholders in this domain to make
an in depth study about this disease and strategize their treatment methods as the onset, symptoms, and progression
of Alzheimer’s varies from patient to patient and is highly dependent on their lifestyle, relationship with the
caregiver, and other factors. In this setting, our current work focuses on analysing the behavioural traits in
association with some demographic factors of the Alzheimer’s patients that are collected from the discussions of
their caregivers on social media patient networks. This work is a step towards finding the best performing machine
learning model to predict whether the caregivers opt to take care of their loved ones at home i.e., whether the
disease is manageable in the advanced stages or the caregivers resort to palliative care/hospice based on the patient
behaviour and other relevant factors. This would provide an informative outlook about the disease to the healthcare
stakeholders as to how various attributes play significant role in the manageability of the patients in their last
stages.

1.1 Relevant work

Vast amount of work was being carried out in applying machine learning techniques in the healthcare domain
to predict various diseases. The authors in [4] have made an extensive literature review on the studies made to
compare performances of various supervised machine learning algorithms that are used in disease prediction.
Nearly 336 unique articles were published in indexed journals that discussed about the application of machine
learning in prediction of diseases like breast cancer, heart disease, Parkinson’s etc. The work in [5] presented a
systematic review of the tools for data analysis in the healthcare domain by providing examples of various machine
learning algorithms. The authors of [6] reviewed briefly, the important literature on how deep learning can benefit
the researchers to diagnose the Alzheimer’s disease at early stages. As the diagnosis of Alzheimer’s disease mostly
uses brain images that visualize the pharmacology, functionality, and structure of the brain, which are generated
by using imaging techniques like functional and structural imaging [7], all the Alzheimer’s related research rely
on this kind of data only.

A mathematical tool called path signature for the selection of features for machine learning to predict a
diagnosis for the Alzheimer’s disease was discussed in [8]. Ubiquitous technologies generate time-ordered data
through patient monitoring methods from which predictive features can be selected by using the path signature
method. This research work used whole brain, hippocampus, and ventricles related measurements as variables
and further feature selection. Though some research towards using deep learning techniques in the diagnostic
classification and detection of Alzheimer’s is being carried out recently, it is very limited and moreover, they
mostly rely on neuroimaging data and fluid biomarkers for their analysis [9]. The research study presented in [10]
applied a binary classification benchmarking algorithm to predict the risk of late-onset of Alzheimer’s disease by
using data related to genetic variation. It also carried out systematic comparisons of machine learning algorithms’
performance in classification which would help to harness the predictive capabilities of the models discussed in
their work. The work by the authors in [11] presented the development of a machine learning model which is used
to predict dementia in general patient population from different institutions of healthcare by making use of routine
care data that is available as electronic health records. Structured and unstructured data from diagnosis, medical
notes, and prescriptions was used to train their model proposed and predict one and three years prior to the onset
of the disease. Easily understandable ML techniques were selected by the authors to make it adaptable by the
healthcare professionals.

The data related to Alzheimer’s disease diagnosis, classification, and prediction that is being analysed so far,
is in the form of neuro-images and biomarkers. But, Alzheimer’s patients also exhibit some behavioural
disturbances and psychological symptoms as prominent features observed in approximately 90% of the patients
suffering from it. The symptoms like anxiety, aggression, excessive sleep, and other abnormalities in behaviour
can be noticed commonly. The process of neuro-degeneration is affected by dysfunctionalities in
neurotransmission along with personality traits and psychological factors playing an equally progressive role [12].
A study indicated only moderate differences between the types of mental or behavioural traits noticed at different
phases of illness caused by Alzheimer’s that leads to different types of dementia. In [13], large community of
elderly people were investigated to find that Alzheimer’s patients are more likely to have illusions, deviant motor
behaviour, and aggression as common symptoms and less likely to suffer from depression. The behavioural
deviations from normal are generally described as “agitation” which include wandering, aggression etc. [14].
Analysing such behaviour related data of the Alzheimer’s patients by applying machine learning models is not
taken as a research problem up to date.
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1.2 Our contribution

Analysing data shared on social media related to behavioural traits of Alzheimer’s patients has a huge
potential of making the stakeholders of healthcare domain stay well-equipped to make important/informed
decisions related to diagnosis, strategize treatments and provide more effective palliative care for the victims. The
details about the behavioural traits of Alzheimer’s patients along with other demographic and related factors
would serve as a rich source of data, and when analysed, would unveil some interesting trends in understanding
the problem at depth. Our current work focuses on designing a framework to make the machine learn from such
data gathered from online patient communities’ discussions (caregivers as members), evaluate its performance
with various models and their goodness of fit to the data at hand. This would enable the deployment of applications
developed based on this framework across institutions for its extensive usage. The data in the form of discussions
on social media patient support groups is self-reported by the caregivers who directly deal with the patients and
is at par with any proctored survey data in which, actually, the scope of data collection has many limitations.
Forthcoming parts of this paper present the proposed conceptual framework in Section 2, data source, collection
and experimental setting in Section 3, feature engineering and selection in Section 4, elaboration on the machine
learning techniques used in Section 5, results and discussion in Section 6 followed by conclusion and future work.

2. Proposed Conceptual Framework
The steps followed to conduct the experiment and find the best performing model for the given problem and
data collected is depicted in Fig. 1. The upcoming sections will further elaborate on each of these steps.
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Fig. 1. Framework for the study
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3. Data Collection and Experimental Setting

The patient related data and behavioural traits required to train the machine learning models, that can predict
the decision of caregivers to opt for a hospice, is collected from the discussions between caregivers on social
media patient support networks/communities hosted by Facebook. These communities provide valuable source of
such information strengthening the recent news that therapists are proposing online support groups to the patients,
for them to obtain emotional support and overcome geographical isolation. Though our general emphasis is on
predicting the chronic disease trends by using social media data, the specific focus is directed towards making the
machines learn and predict trends in Alzheimer’s disease using online caregiver discussions (as patients can’t
directly participate due to cognitive impairment) because this area didn’t receive much attention from the research
community. Data like gender of the patient, age at which they are diagnosed with Alzheimer’s, country to which
he/she belongs to, behaviour of the patient as reported by the caregiver in his/her discussion, in what kind of
activity they are engaged in, throughout the day, patient and caregiver biological relation with each other and the
frequency of the messages by the caregiver on the patient network in terms of seeking advice or venting out, was
collected. The data of 243 patients, manually collected by observing their posts on the timeline, is retained after
pre-processing the data to remove missing values and outliers. The patient identification data is anonymised to
protect the privacy of the patients as per the data privacy law.

4. Feature Engineering and Selection

The process of data preparation for modelling is coined as “Feature Engineering”. Feature engineering is an
essential step to achieve good performance for predictive modelling problems and is dependent on how the data
is prepared for modelling [15]. The steps include right from exploratory analysis and visualization of the data,
handling missing or redundant data, dealing with outliers, encoding categorical features, engineering numeric
features, and selecting features that majorly contribute in predicting the outcome/target variable.

The data that is collected is in numerical as well as categorical format. Most of the machine learning models
do not work well with categorical data. The Python library “sklearn” used for the machine learning algorithms
requires the features to be in numerical format. So, they have to be converted into numerical values with proper
encoding techniques suitable to the characteristics of the features. The numerical values are min-max-scaled to
bring them into a fixed range, normally O to 1. This is done to bring down the standard deviations and suppress
the outlier effect. The categorical values are target encoded as obtaining dummies will increase the dimensionality
of the dataset with increase in the categories for each feature. Ordinal encoder is another option if there is specific
ordering in the categories of the features. The dependent or the predicted variable, that is the decision of choosing
a hospice was originally tabulated as Yes or No which is further label encoded to convert it into 1 and 0,
respectively. These steps bring all the values of the features into a common range and ready for fitting the machine
learning models.

Recursive Feature Elimination (RFE) is one of the feature selection methods that fits a model while removing
the less contributing features iteratively until specified number of features is reached [16]. The collinearity and
dependencies in the model, if any, will be eliminated by recursively eliminating small number of features in every
iteration. Thus features will be ranked by the model. Though the number of features to be retained is not known
in advance, 5-fold stratified cross-validation is used along with recursive feature elimination in order to find the
optimal number of features. This process scores different subsets of features and selects the best scoring subset of
features.

We attempted to use logistic regression (lincar model) and random forest (non-linear model), further
elaborated in the next section, as estimators for the RFE feature selection algorithm to choose relevant features.
In order to automatically get the number of features selected by RFE, cross-validation evaluation of different sets
of features is performed and the optimal number of features with the best mean score is selected. The following
Fig. 2 shows the optimal number of features with random forest and logistic regression as estimators.
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Fig. 2. Optimal number of features using RFE with non-linear and linear estimator

The illustration in Fig. 2 shows that random forest estimator seems to over fit with training score maximizing
around 0.95 and test score at 0.81 for 6 features selected after which there is no considerable improvement in the
training and test scores. On the other hand, logistic regression’s training score is maximum at 0.82 and test score
at 0.81 for 6 features, again, with no further improvement. This leads to a decision of selecting logistic regression
as estimator for RFE to perform automatic feature selection before choosing various models to fit on the selected
features and compare their performance.

Having known that selection of 6 features gives the best 5-fold cross-validated training and test scores, it is
now intriguing to know which features are those. The feature ranks as assigned by RFE are presented in Table 1.

Table 1. Ranks assigned by RFE to features (1 — most contributing feature)

Feature description Rank

Female

Male

Age Diagnosed

Frequency of Messages

Behavior

Activity Engaged in

Care Giver

Location

R ===~~~ ]~

Relation

5. Machine Learning Techniques used

The selection of machine learning techniques depends on the data source and also the application domain
[17]. Models namely Logistic Regression, k-Nearest Neighbour, Support Vector Machine, Random Forest, XG
Boost classifier, Gradient Boost classifier, and Gaussian Naive Bayes were used in the present work in order to
find the best performing model by careful fine-tuning of the hyper-parameters. As the data collected is a
combination of numerical, categorical as well as binary, it is compelling to understand how each of the above
mentioned, proved to be efficient models (in various scenarios) perform with the data concerned.

5.1 Logistic regression

Logistic regression is a machine learning algorithm which is used for the classification problems based on
the concept of probability to perform predictive analysis and especially when the target variable is of categorical
type. It uses a complex cost function defined as ‘Sigmoid function’ or simply a ‘logistic function’ to bring
predicted values down into the range of 0 and 1 [18]. Sigmoid function is used to map the predicted values to
probabilities so that the assignment of data points to the appropriate classes is performed by the algorithm with
some amount of likelihood. The equation for Sigmoid function is provided below as Eq. (1).

y=1/1+e™) Q)
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The Sigmoid function graph is depicted in Fig. 3.
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Fig. 3. Illustration of a Sigmoid function

The variable e represents the exponential constant with an approximate value of 2.71828. While using the
logistic regression, usually a threshold is specified and all values above the set threshold will be assigned to one
class and all values below it will be assigned to the other class. There are several solver options available but only
‘Ibfgs’ was selected for the model fitting in this work as it avoids drawbacks like saddle points and is fast compared
to other solvers. The maximum number of iterations were chosen as 100 to reach the convergence of the model.
Logistic regression can also be used for multiclass classification problems by following the notion of ‘one Vs.
all’.

5.2 k-Nearest Neighbour (KNN)

KNN is a simple supervised machine learning algorithm which can be used to solve both regression and
classification problems. This algorithm depends on labelled training data to learn a function which predicts an
appropriate output when posed with an unseen/unlabelled data. Depending on the type of problem being solved,
a choice among various distance measures like Euclidean, Minkowski etc. can be made to compute the distance
between the data points [19]. The hyper parameter Kk has to be carefully tuned to avoid overfitting (model learning
too much) or under fitting (model learning too less) of the model and increase its generalization capability.

5.3 Support Vector Machine (SVM)

The SVM finds a hyperplane that clearly classifies the sample points in an n-dimensional feature space.
Among the many possible hyperplanes that can be chosen, to separate the two classes, a plane that has the
maximum margin between the classes will be chosen as the optimal hyperplane. This provides reinforcement to
the model so that the unseen data points can be more confidently classified.

The SVM’s approach can be seen in Fig. 4. This is good enough for linearly separable classes but to perform
complex classification with real data, kernalised SVMs can be used.
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Fig. 4. Approach of Support Vector Machine [20]
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Kernalised SVMs take the original input data space and transforms it to a different higher dimensional feature
space after which it becomes easier to linearly classify the transformed data. Though there are many
transformations available, Radial Basis Function (RBF) kernel proved to be the best performing option and thus
selected for the experiment under discussion. The RBF kernel can be represented by the following Eq. (2).

K(x,x") = exp[-y.|lx = x'[|%] 2

A kernel can be defined as similarity measure (dot product) between the data points. The hyper-parameters y
and C have to be tuned properly. Smaller values for y represent larger similarity radius resulting in decision
boundaries that are smooth and larger values of y require data points to be more closer to be considered as similar.
On the other hand, C is a regularization parameter that interacts with the y parameter. If y is large, C will not have
much influence. If y is small, the model is heavily constrained and C affects the classifier as it does with a linear
classifier. For the present experiment, both y and C values were set to 1 as it is observed that the classifier gives
best performance at these hyper-parameter values.

5.4 Random forest

The random forest classifier uses an ensemble of individual decision trees. The individual class predictions
by each tree are counted to find the class with maximum votes which will be the model’s prediction [21]. The
underlying notion can be attributed to ‘wisdom of crowds’. The key feature is low correlation between the models
in ensemble, as uncorrelated models would produce better ensemble predictions than any of the individual
predictions. But, increasing the complexity of the random forest classifier in terms of increasing its number of
estimators and maximum depth may result in overfitting of the model that performs too good on the training data
and badly on the test set. Careful tuning would help to overcome this problem and reap the benefits of this
ensemble method. The number of estimators is set to 5 and maximum depth to 2 to obtain best possible
performance from this model.

5.5 eXtreme Gradient Boost (XGBoost) classifier

XGBoost is an implementation of gradient boosted decision trees which is available as an open source library.
Though basically it is an ensemble technique, this classifier takes an iterative approach. Each new model is trained
to predict and correct the mistakes (called residuals) made by the previous models. This process is repeated until
it converges i.e., no further improvements in performance can be made. The main objective of this iterative process
is to avoid individual models ending up making same kind of mistakes. XGBoost works to optimize the objective
function which encourages the predictive models and optimize regularization to achieve lesser variance that makes
predictions stable. The objective function can be represented as Eq. (3).

L(@) = X1,y + Xin(y) A3)

The first term of the equation is the loss function which is the summation of the prediction errors and the
second term is the regularization to reduce the variance in the model [22]. The learning rate is one of the hyper-
parameters of XGBoost that needs to be set optimally and should be set as low as possible to reach the best
optimum but, this makes the computation slow. A trade-off between these two have to be maintained ensuring
better performance at the same time. The learning rate n for the model used is set to 0.1, the regularization
parameter y to 1 and maximum depth to 2. The sub sample ratio of the training instances is set to 0.2.

5.6 Gradient Boosting Classifier (GBC)

Gradient boosting method is a more general implementation of XGBoost. This model also follows the step-
wise additive model which generates learners during the process. Using the gradient descent optimisation,
individual weak learner contributes to the ensemble [23]. It uses the loss function of the basic decision tree model
as a means to minimize the prediction error of the overall model whereas XGBoost uses 2" order derivative for
approximation and advanced L1 and L2 regularization. Compared to XGBoost, Gradient Boost usually takes more
time for getting trained.

5.7 Gaussian Naive Bayes Classifier

Gaussian Naive Bayes is an extension of the Naive Bayes classifier to real-valued attributes by assuming that
they have Gaussian distribution. The likelihood of the features of the data is assumed as in the Eq. (4).

P(xuly) = == exp(-2L2) @)

203
27rcry y

The model can be fit by finding mean and the standard deviation of the data points within each target label.
At every sample point, the z-score distance between that sample point and each class mean is measured, which is
the distance from class mean divided by the class’s standard deviation [24]. This classifier doesn’t require more
training data and can handle both discrete and continuous data. The model is fast and its scalability with number
of data points and predictors is very impressive. The hyper-parameter namely variance smoothing is tuned to le-
01. The variance smoothing value indicates the portion of largest variance of all the features which is added to
variances for stability in calculation.
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6. Results and Discussion

The dataset is imported into Jupyter notebook. The machine learning models namely Logistic Regression, k
Nearest Neighbour, Support Vector Machine, Random Forest, eXtreme Gradient Boosting, Gradient Boosting,
and Gaussian Naive Bayes are used and evaluated using various metrics. Stratified cross-validation with 5 folds
is performed in order to obtain the accuracy measure on the training and validation sets. Compared to k-fold cross-
validation, stratified k-fold cross-validation will ensure that each of the folds get the same proportion of training
examples with a given categorical value. This procedure makes each of the data points to pass through the training
as well as validation phase. The held-out test set is completely hidden from the model and serves to check the
generalization capability of the model. The scores of accuracy on the training set, validation set and the held-out
test set obtained with each of the machine learning models used, is presented in Table 2.

Table 2. Accuracy scores for training, validation and held-out test sets for different models

ML Model Training set Validation set Held-out test set
Logistic Regression 0.82 0.81 0.82
K-Nearest Neighbor 0.83 0.80 0.82
Support Vector Machine 0.84 0.80 0.88
Random Forest 0.83 0.78 0.82
XG Boost 0.88 0.78 0.80
Gradient Boost 0.81 0.78 0.84
Gaussian Naive Bayes 0.81 0.81 0.90

Note: The hyper-parameter values were tuned to obtain maximum performance (discussed in Section 5).

Among the selected models, it is observed that Gaussian Naive Bayes (GNB) followed by Support Vector
Machine (SVM) models are showing significant performance on the held-out set. Logistic regression is also
having good training set and validation set accuracy but not generalizing as good as SVM and GNB, on the held-
out set. Moreover, checking merely the accuracy metric is not sufficient to evaluate a model and justify its
generalizability. So, we have taken the following metrics into consideration to further gain confidence in
evaluating the performance of the models used.

6.1 Precision —Recall Curve — AUC

Precision — Recall curve combines precision (Positive Predictive Value - confidence in the prediction of a
positive class) and recall (True Positive Rate — fraction of all positive instances that the classifier correctly predicts
as positive) in a single illustration. The larger is the area under the curve (AUC), the better is the model
performance. PR curve is preferred to ROC curve as there is class-imbalance in the dataset being used, which can
be better covered by a PR curve. Fig. 5 shows the P-R AUC for all the machine learning models considered except
Gaussian Naive Bayes. It can be noticed that AUC is more for SVM and logistic regression models whereas least
in random forest classifier. In Fig. 6, the P-R curve for Gaussian Naive Bayes model is shown and found to have
the same measure as SVM and logistic regression. This makes it difficult to select between the models which
further drives us to consider F1 score and log loss metrics to select the suitable model.
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Fig. 5. P-R Curve AUC for the 6 models other than Gaussian Naive Bayes
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6.2 F1-Score

10

Also called as F Measure or the F Score, F1 score explains the balance between the precision and recall. F1

score is more useful than accuracy score in the cases where class distribution is uneven. The F1 score is calculated
using the formula in Eq. (5). The F1 score value lies between 0 and 1. The value towards 1 indicates a better score
and thus better model.

)

The F1 scores of the machine learning models are represented in the form of a bar graph for better
visualization in Fig. 7.

F1=2*(

precisionsrecall )
precision+recall
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Fig. 7. F1 Scores of the machine learning models used

The F1 scores of Gaussian Naive Bayes and SVM models are 0.85 and 0.79, respectively, having better scores
compared to other models. Logistic regression’s F1 score is 0.69 showing the uncertainty in its predictive
capability.

6.3 Log Loss (LL)

Logarithmic Loss or Cross-Entropy Loss or simply Log Loss is a loss function and is the most important
metric used in classification. It is a probability value that lies between 0 and 1. It quantifies the performance of a
classifier model by penalising the false classifications. The representation of a log loss is given in Eq. (6).

LLy(q) = — = XMyt log(p(t) + (1 — 1) . log(1 — p(t)) (©6)

In the above equation, t is the target label and p(t) is the predicted probability of the data point’s label being
Yes/positive class. It will favour the models that can more strongly distinguish the classes. This measure increases
as the probability that is predicted, deviates from the actual target label. If the model predicts 0.009 when the
observation label is actually 1, would result in high loss measurement. Fig. 8 shows the log loss of the machine
learning models considered for the experiment and helps to take a decision on the selection of best performing
model.
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Fig. 8. Log Loss values of the machine learning models used
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The log loss value for the Gaussian Naive Bayes model at 0.30, is the least when compared to other models
asserting its suitability to the problem at hand. The log loss values for SVM and logistic regression are almost the
same at around 0.38.

The above results presented can help to infer the best performing machine learning model. Good amount of
effort has been put into tuning the hyper-parameters of these models to achieve each model’s maximum
performance. Though most of the models perform well with respect to training data, they fail to retain the same
performance with validation and held-out datasets. This also indicates that the model is overfitting with the
training data and it would reduce the generalization capacity of the model. Held-out set accuracy scores enable us
to understand how good a model is performing the prediction task on unseen data. Still, relying on these scores
alone will make the evaluation task incomplete. Choosing a P-R curve AUC will help us to decide on a better
model. As the classes are imbalanced, P-R curve would help us take better decision compared to ROC curve. F1
score is selected as another metric for evaluation as we care more about the positive class, that is, choosing
palliative care in advanced stages of the Alzheimer’s disease. Log loss will guide us to further evaluate goodness
of the model based on the notion that, lesser the uncertainty in predictions, better is the model in its performance
at the task. Taking all these metrics into consideration, we can conclude that Gaussian Naive Bayes followed by
SVM are the best performing models with better held-out set score, P-R curve AUC, F1 score and least log loss
values. Most of the Alzheimer’s disease related data will be in categorical format when it comes to analysing the
behavioural traits, lifestyle, demographic and family relations. The inherent nature of Gaussian Naive Bayes is to
work well with categorical data that makes it suitable for the problem and standing out as the best performing
model.

7. Conclusion and Future Work

The framework we have designed helps us to apply machine learning techniques in order to predict the
decision to choose palliative care in the advanced stages of Alzheimer’s disease. The data about the behavioural
traits along with other relevant patient data was collected from the social media patient networks which provides
a rich source of caregiver discussions. Rather than proctored surveys taken from the researcher or healthcare
professional perspective, social media discussions contain dynamic data reported by caregivers. The caregivers
directly deal with the patient and discuss about patient specific scenario, in the patient support groups, from their
perspective. This helps the healthcare stakeholders to analyse the data and understand the trends in disease
progression. Applying machine learning models to such data captured will assist them to take some informed
decisions about treatment and hospice assistance required by the victims. The current experiment conducted finds
Gaussian Naive Bayes model, followed by SVM, as the best performing models in predicting the decision to
choose palliative care in advanced stage of Alzheimer’s disease. Future work is planned in the direction of
studying the trends in patients’ cognitive deterioration, rated with respect to different activities on various scales,
using machine learning techniques.
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