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Background
• Clinical trials in Alzheimer's disease require enrichment of participants at the early

stages of disease, who are most likely to develop AD in the future. Recruiting such
individuals remains a key challenge.

• Our ability to predict whether an individual with Mild Cognitive Impairment (MCI)
will transition to Alzheimer’s disease (AD) or remain stable could be augmented
by using automatic techniques that learn the complex temporal relationships
between symptom presentation and future disease outcomes.

• Neural Network (NN) classifiers have been used previously to enhance predictions
of disease outcomes by modelling temporal relations between events (Choi 2017).
A similar approach of learning temporal relationships between participant memory
scores and event outcomes could be used to identify those with memory problems
who may go on to develop AD.

• Here we demonstrate the novel application of NN to participant performance from
computerised cognitive testing in a longitudinal sample of community dwelling
older adults.

Methods
Cohort sample

• Participants with suspected MCI were recruited from a longitudinal study of
neuropsychological function in community-residing adults (Summers & Saunders
2012, Klekociuk 2014).

• Inclusion criteria were the ability for independent daily functioning and preserved
general cognition but with the presence of subjective cognitive complaints.

• Participants were assessed on an extensive battery of CANTAB tests at baseline,
10 months and 20 months as part of a comprehensive neuropsychological
assessment.

• Participants were classified as either non-amnestic MCI if deficits in performance
were limited to non-memory tests and amnestic MCI if deficits were present in
memory tests.

• The analysis sample consisted of 106 participants, 57% females with Mean age 70
years (SD 6.6 years) and Mean episodic memory sores (CANTAB PAL total errors
adjusted) at baseline of 33 (SD 20). At baseline 25% were controls, 27% non-
amnestic MCI, 48% amnestic MCI.

Objectives

• Two objectives of this study were:

1) To classify individuals as either MCI stable or MCI progressed using
baseline and 10 month episodic memory scores (CANTAB Paired
Associates Learning (PAL)).

2) To estimate participant scores on PAL at 20 months using age and
PAL scores collected at baseline and 10 months.

1) MCI classification

• To produce a binary model to classify whether participants progressed to MCI at
20 months or remained stable; Convolutional Neural Network (CNN) models were
built.

• To assess the ability of the models to classify participants as “stable” vs.
“progressive MCI” accuracy of the model was reported. AUC and ROC curves were
used to display performance of the optimal model.

• CNN model was compared against Gradient Boosting Machines (GBM). Both
classification algorithms are suitable for complex non-linear problems; GBM is
used here as the “traditional” classification algorithm with the highest
performance. CNN and GBM models were built in R using the H2O package.

2) Forecasting participant scores

• Estimating participant performance at the individual level and in the future is a
more challenging problem. This study proposes automatic learning of the
temporal sequence of participant memory performance in order to predict
previously unseen observations.

• For the forecasting of participant scores at 20 months, the most commonly used
generalised linear models were tested alongside more complex neural network
models. Recurrent Neural Network (RNN) models with the ability to remember or
forget specific patterns of the sequence of inputs were built (Cho 2014). These
models were used to identify if any additional sensitivity can be provided by
learning the sequence of PAL scores.

• To asses the ability of these models to estimate participant scores root mean
squared error was used and the difference between observed and predicted scores
was estimated.

• Both the models for MCI classification and the models for participant score
estimation were built using the following pipeline: the dataset was split into
training, validation and test set fractions, using training and validation sets for
model building and hyperparameter tuning, while the test set was held out. The
models were trained in a two-fold cross validation scheme. These models were
built using Keras package for R.

Results
1) MCI classification

• The analysis is presented from 80 participants with complete observations on PAL
at baseline and 10 months and diagnosis at 20 months.

• Participants were classified as either “progressed” or “stable” MCI at 20 months.
Our algorithms were designed to predict these groups using only age, disease
duration and PAL performance at baseline and 10 months.

• The best performing Neural Network (NN) and GBM classifiers showed excellent
sensitivity in using PAL scores to predict MCI progression (NN AUC 0.92, GBM AUC
0.81) (Figure 1).

2) Forecasting participant scores

• Forecasting of participants scores using the temporal pattern of performance was
carried out on 98 participants with complete observations on episodic memory
performance at baseline, 10 and 20 months.

• Our algorithms were tested for their ability to estimate participant scores at 20
months using age and PAL scores at baseline and 10 months with low error.

• RNN also showed similar performance to traditional linear regression models with
Root-Mean Square Error (RMSE) 15 for generalised linear model and 13 for the
RNN model.

• The mean absolute error between the predicted and observed PAL scores for the
Neural Network model suggests there was low power for participant score
prediction (Figure 2).

Conclusions
• Our algorithms showed excellent sensitivity for predicting MCI progression using

PAL test scores.

• For estimating participant scores, it is encouraging that in our initial exploration
using temporal sequence gave comparable performance to GLMs, with further
exploration of model structure we anticipate greater learning ability.

• This study suggests using automatic learning of complex temporal relationships in
cognitive test scores could support specialists in Alzheimer’s disease early
diagnosis.

Figure 1 Receiver-Operator Curves (ROC) for the best performing Neural Network (A) and Gradient Boosting (B) models when classifying MCI
progression at 20 months. These models suggest excellent sensitivity of PAL to detect MCI progressors.

Illustration 
Visual episodic memory assessed 
using the CANTAB Paired Associates 
Learning (PAL) tack

Illustration
CANTAB’s user friendly 
iPad software makes 
testing easy

Figure 2 Over and under-
estimation of prediction 
performance is observed when 
forecasting participant 
standardised PAL scores at 20 
months using a recurrent 
neural network model.
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