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Abstract. Background: Longitudinal neuroimaging provides spatiotemporal brain data (STBD) measurement that
can be utilised to understand dynamic changes in brain structure and/or function underpinning cognitive activities.
Making sense of such highly interactive information is challenging, given that the features manifest intricate
temporal, causal relations between the spatially distributed neural sources in the brain. Methods: The current paper
argues for the advancement of deep learning algorithms in brain-inspired spiking neural networks (SNN), capable
of modelling structural data across time (longitudinal measurement) and space (anatomical components). The paper
proposes a methodology and a computational architecture based on SNN for building personalised predictive
models from longitudinal brain data to accurately detect, understand, and predict the dynamics of an individual’s
functional brain state. The methodology includes finding clusters of similar data to each individual, data
interpolation, deep learning in a 3-dimensional brain-template structured SNN model, classification and prediction
of individual outcome, visualisation of structural brain changes related to the predicted outcomes, interpretation of
results, and individual and group predictive marker discovery. Results: To demonstrate the functionality of the
proposed methodology, the paper presents experimental results on a longitudinal magnetic resonance imaging
(MRI) dataset derived from 175 older adults of the internationally recognised community-based cohort Sydney
Memory and Ageing Study (MAS) spanning 6 years of follow-up. Significance: The models were able to accurately
classify and predict 2 years ahead of cognitive decline, such as mild cognitive impairment (MCI) and dementia with
95% and 91% accuracy, respectively. The proposed methodology also offers a 3-dimensional visualisation of the
MRI models reflecting the dynamic patterns of regional changes in white matter hyperintensity (WMH) and brain
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volume over 6 years. Conclusion: The method is efficient for personalised predictive modelling on a wide range of
neuroimaging longitudinal data, including also demographic, genetic, and clinical data. As a case study, it resulted
in finding predictive markers for MCI and dementia as dynamic brain patterns using MRI data.

Keywords: Personalised modelling; spiking neural networks; longitudinal MRI data; dementia; classification;
prediction.

1. Introduction

The paper presents a new method for the creation of predictive, personalised spiking neural network models (PSNN)
using longitudinal neuroimaging data that is a generic methodology and can be applied to other clinical and personal
datasets. The method is applied on predicting dementia as one of the biggest world health problems of the 21
century.

The burden of dementia is rapidly rising worldwide [1, 2] with the overall cost increasing from US$ 279.6 billion
in 2000 to US$ 948 billion in 2016, corresponding to an annual growth rate of 16% [3, 4]. More subtle clinical and
cognitive changes take place during a period of mild cognitive impairment (MCI), which is highly prevalent in
elderly people (>65 years). However, disparities in the case ascertainment [5] and diagnostic criteria lead to
substantial variation in prevalence and incidence estimations of MCI across populations with rates ranging between
10-42% reported [3, 4]. People with MCI are 6—12 times more likely to progress to dementia compared to age-
matched cognitively healthy individuals, at a rate of 15—26% during the 1—2-year follow-up and reaching 50—
83% during the 3-year follow-up [6, 7]. Approximately 50% of people with MCI spontaneously revert to normal
cognitive functioning, but those who revert to no-MCI conditions, still have a greater risk of ultimate transition to
dementia [8]. Understanding dynamic brain changes associated with shifts in cognitive function underpinning
progression to dementia is critical to addressing the increasing burden of the illness [2], [9]. Considerable judgment
is required in making the distinction between healthy ageing people and those with different forms of MCI that
would or would not lead to dementia. Although there is neuroimaging evidence for interactions of brain asymmetry
in ageing and dementia [10-13], accurate clinical and neuroimaging prediction of cognitively healthy ageing, MCI
and dementia is currently limited.

The current paper introduces a novel, personalised predictive method and a computational system for individualised
classification and prediction of brain states in a longitudinal neuroimaging ageing cohort. The study contributes to
the ‘precision medicine’ concept [14]. The proposed system is built upon a brain-inspired spiking neural network
(SNN) architecture and applied for early prediction of cognitively healthy ageing, MCI, and dementia. The relative
risk of development from MCI to dementia might be determined based on structural brain data [15-17], including
regional brain volume and white matter hyperintensity (WMH), which progressively decline from healthy ageing
to MCI and dementia [9], [18-21]. Nevertheless, whilst several biomarkers are associated with reduced cognitive
ability and risk of dementia [22-25], substantial discernment is still necessary for distinguishing various potential
trajectories of MCI [26] and accurate prediction of clinical outcome remains limited.

Improvement in the accuracy of classification and prediction of cognitive outcomes during human ageing using
brain data is warranted and may be possible using advanced machine learning (ML) methods capable of making
sense of integrated spatial and temporal components of brain data. Artificial Neural Network (ANNS) are popular
ML models that are based on the information processing mechanism of brain neurons. ANNs are a set of
interconnected computational units representing neurons. The networks are computational models that can
be trained with input data to generate useful outputs (predictions). Recently, deep learning ANN methods have been
effectively applied to a wide range of Magnetic Resonance Imaging (MRI) studies [27], including spatiotemporal
denoising of contrast-enhanced MRI [28], [29] artifact detection [30], resolution enhancement [31], and image
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segmentation [32]. Deep learning Convolutional Neural Networks (CNN) [33] are commonly used for MRI
segmentation, such as ischemic lesion segmentation [34] and brain tumour segmentation [35], [36]. Deep learning
approaches were also used for MRI feature extraction and to identify different stages of Alzheimer's disease [37],
classification of MCI [38], and early diagnosis of Alzheimer’s disease (AD) [39].

Although deep learning techniques are inspired by some properties observed in brain research [40, 41], the
mathematical modelling of a perceptron-type ANN computes the outputs with respect to the current time of input
vectors. However, activation of a brain neuron is influenced by the dynamics of the membrane potential over time.
When the membrane potential surpasses a certain capacity, it generates an action potential (signal, spike) that
propagates to other neurons. Therefore, the latest generation of ANNSs, called Spiking Neural Networks (SNN) [42]
can facilitate the development of brain-inspired computational models, in which a neuron’s representation
resembles the principles of an action potential to incorporate previous accumulated inputs. Moreover, the neurons
can evolve their connectivity through learning from data, again based on brain-inspired learning principles [43],
[44], [45].

SNNs are computational models that consist of spiking neurons as processing elements, connections between them,
and biologically plausible learning algorithms [46], [47], [48]. Spike Timing Dependent Plasticity (STDP) [49],[50]
is a well-known paradigm for learning in SNNs and is the main mechanism for information storage in auto-
associative networks [51], [52], [53]. It acts in capturing spatiotemporal patterns of network activity that could
efficiently contribute to temporal processing. STDP learning adjusts the neural synaptic weights with respect to the
timing of spikes in pre- and postsynaptic neurons. Hitherto, STDP has received substantial attention in experimental
and computational neuroscience [54],[55],[56],[57]. With STDP, changes in synaptic strength can be modelled to
resemble the information processing in nervous systems. Such changes in synaptic strengths are similar to Long-
Term Potentiation (LTP) and Long-Term Depression (LTD) [58].

The introduced SNN architecture in [59] supported an efficient learning, modelling, and classifying of
spatiotemporal brain data (STBD). In [60] MRI-structured SNN was developed for a single individual to predict
electroencephalographic (EEG) signals. While brain-inspired SNN have been used for a wide range of STBD
modelling [61], there has not been a method so far for predictive personalised modelling of longitudinal MRI data
features of a whole cohort of subjects.

The current paper presents a generic methodology based on brain-template structured SNN architecture and
proposes a new personalised predictive system for accurate detection and prediction of cognitive states (e.g.,
healthy, MCI, and dementia) from longitudinal MRI data features. The proposed personalised modelling offers an
individualised computational model tailored for a specific person and trained using MRI data from similar patients
for pattern recognition and knowledge discovery at an individual level. Such models have the potential to produce
a more precise prediction of outcome compared to global modelling systems which are trained on all patients’ data.

The MRI data were collected in the context of a prospective community-based cohort study, the Sydney Memory
and Ageing Study (MAS study), from dementia-free participants at baseline, aged between 70 and 90 years (some
of them moved to dementia and MCI states after 6 years). The MRI data were collected at baseline (T1), 2-year
follow-up (T2), and 6-year follow-up (T3). The approaches of the MAS cohort study have been previously described
elsewhere [62]. Briefly, all participants were assessed in order to diagnose different subtypes of MCI and dementia,
normal cognitive functioning or reversion from MCI to normative cognitive condition according to international
consensus criteria [8, 62, 63]. Those who met the criteria for dementia at the baseline assessment, were not included
in the study.
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2. Methods and Materials

This section describes the MRI data and features that we used in this study as well as the proposed methods for
building personalised modelling for prediction of an individual cognitive outcome.

2.1 Longitudinal MRI Data Description

The MRI data were collected over 6 years in the MAS study in Sydney (Australia) [8, 62]. Participants (n=554)
without dementia at the baseline, had been recruited and their structural MRI data were collected at three
measurements spanning a 6-year period (T1 as a baseline measurement, T2 at the 2-year follow-up, T3 at the 6-year
follow-up). This generated a longitudinal MRI measurement. All participants were assessed at the baseline (T1) and
two follow-ups (T2 and T3) to diagnose their cognitive states (MCI, dementia, and normal cognitive functioning)
according to international consensus criteria [62, 63]. Participants meeting the international criteria for dementia at
the baseline were not included in the study. A subsample of n=175 (mean age = 83, sd= 4.1, 77 males (44%)) were
selected because they had data recorded across all assessment points with scores for 31 common MRI features,
including WMH and structural volumes (FSL FIRST)™.

Table 1 represents the number of individuals with different cognitive outcomes during the measurement period of
the MRI features. It also reports the transition pattern of 14 individuals with dementia (diagnosed at T3) from non-
dementia states during the 6-year period of the MAS study. Amongst those 14 participants diagnosed with dementia
at T3, only two of them directly developed from healthy condition while others transited to MCI first and then to
dementia (Table 1-b). The list of MRI features is provided in Supplementary Table 1.

Further information about the MRI data measurement, the extracted MRI features and pre-processing techniques is
presented as Supplementary Section I.

Table 1. (a) The number of individuals with different cognitive outcomes diagnoses (healthy, MCI, and dementia) from T1 to
T3. We used 175 MRI samples (each sample relates to a participant) recorded at 3-time points abbreviated by T1 (baseline),
T2 (year 2), T3 (year 6). (b) The diagnosis labels across T1, T2, and T3 of 14 individuals who were diagnosed with dementia
at T3. Healthy, MCI and dementia labels are respectively denoted by digit codes 0, 1, and 2.

Diagnosis label Mean age (Standard T1 Interval | T2 Interval T3
deviation (SD) at T1 in
years
Healthy 77.0 (4.1) 113 108 94
@ [ MCI 78.3 (4.8) 62 2years | 64 4 years 67
Dementia 80.3 (4.8) 0 3 14
Total individuals 175 175 175
Six-year diagnosis labels of 14 dementia individuals across T1, T2, and T3
Follow ups 1 2 3 |4 5 |6 |7 8 9 |10)11 |12 |13 |14
(b) T1 0 0 0 2 Jo 11 Jo [afo 11 [1 |1
T2 2 1 1 |2 1 |1 |1 0 1 ]1 |1 |1 1 2
T3 2 2 2 |2 2 |12 |2 2 2 |2 |2 |2 2 2

L FSL FIRST: FSL is a comprehensive library of analysis tools for MRI brain imaging data, and FIRST is a model-based
segmentation/registration tool.
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2.2 The Proposed Methodology for Personalised Modelling on Longitudinal Data using SNN,
Applied to MRI Features for Prediction of Different Cognitive Outcomes

This section proposes a methodology and a computational framework (shown in Fig. 1), called personalised
modelling spiking neural network (PSNN), for predictive modelling on longitudinal data that consists of the
following procedures:

1. Selecting nearest neighbouring samples to an individual’s MRI features/variables.
2. MRI feature/variable interpolation.
3. Encoding the temporal sequences of the measured MRI variables into spike trains by:
o Interpolating the data between points of measurements, so that more data points are generated,
forming time series.
o Encoding the obtained time series into spike trains using spike encoding methods.
4. Foreach individual x, a PSNN model learns from the input spikes of the neighbouring samples to individual
i. The learning algorithm is the unsupervised STDP rule [64].
5. Training an output classifier to learn the relation between the PSNN connectivity patterns and the MRI data
class labels (healthy, MCI, dementia), and model visualisation.
6. Testing the PSNN classifier on the individual x data.
7. PSNN model parameter optimisation.

The details of the proposed personalised modelling methodology are explained as follows:

2.3.1 Selecting Personalised Nearest Neighbouring Samples

For building a personalised model of an individual x, a group of similar subjects’ MRI feature samples to x at T1
is selected. Then, the longitudinal MRI data (reordered at time points T1 to T3) of these similar subjects are selected
as the training dataset. The class label information of these samples is defined with respect to the diagnostic labels
at the last measured time point (T3).

The selection of nearest neighbouring samples is performed using WWKNN algorithm [65], where the first W
denotes a normalised Euclidean distance between an individual MRI data and other individuals’ data at baseline
(T1). The second W represents a ranking (weighting) of the MRI features with respect to their discriminative power
across samples belonging to different classes. Here, the ranking W is measured by using the Signal-to-Noise Ratio
(SNR) method that computes a variable (feature) importance to discriminate samples that belong to different classes.
In a C-class problem, where C = {1,2, ...,n}, the SNR value of each feature f is denoted by Ry and computed as

follows:

n abs(pi F—1{C\i} f)
i=1 oip+a{C\i}f

Rs = , f=1,..,F @

n

Here, i indicates one class of samples that is assumed as signal and {C\i} refers to the other classes (assumed as
noise). The i, and ai, refer to the mean-value and standard deviation of a feature f within the samples in class i.
The computed R is further utilised to modify the distance D, ,, between every two individuals” MRI samples x and
y as follows:
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/ZF= Ry(xp—yf)?
D = )

xy = ZRf

Here, F indicates the number of features in data (31), and x; and y refer to the values of ft" feature in sample x and
y correspondingly. With respect to this computed distance, when an MRI sample x enters to the personalised
modelling system, all the other MRI samples are descending sorted with respect to their distances to x. Then, the
top k similar samples to x were selected as KNN samples. In our experiments, since the dataset has a small number
of samples in the dementia class (only 14 individuals), we suggested to set a limit to select a maximum number of
14 samples from each group. This ensures that the generated datasets are balanced across the groups. We assigned
different values to K, ranging from 5 to 14 and selected different MRI samples for training the SNN models. For
all the 175 individuals, k=14 resulted in the best accuracy of outcome classification and prediction.

2.3.2 Imputation and Interpolation of Longitudinal Data

We used an imputation technique to deal with missing MRI feature values. A subset of the most similar subjects to
the one which has missing values was selected by KNN algorithm with respect to the Euclidean distance measure.
Then the mean value of the distances was imputed to the missing one. Further information about the imputation
technique is provided in Section Il and Fig 1 of the Supplementary.

To capture the temporal dynamic patterns in the MRI data over the 6-year period, still preserving the trend of
changes in the MRI measured data, we simulated one data point per month, plus the data points in T1, T2 and T3,
resulting in 75-time points in the 6-year period of data collection in the MAS study. The interpolated temporal
patterns were then encoded into sequences of binary events, called spikes, to capture significant upward and
downward changes in the MRI time series. Afterwards, we spatially mapped the MRI features into a 3-dimensional
reservoir of artificial spiking neurons, structured according to a brain template. The SNN model learns the spike
encoded spatiotemporal MRI data using a biologically plausible learning algorithm which resembles the information
proceeding mechanism in the brain. Using this, the model captures the spatiotemporal interactions between the MRI
features over time, resulting in the identification of markers of dementia that are used to predict the cognitive
outcomes a few years ahead.

2.3.3 Time Series MRI Feature Encoding to Spikes

Encoding procedure was suggested in several studies for transforming temporal data to certain events in time and
provide significant information of dynamic changes in data for computational modelling [66][67][68][69]. In this
study, the MRI time series are encoded into spike trains which represent upward or downward changes in the
intensity of the MRI features over time. A spike dependant time encoding rule is simulated from neural encoding
procedure that relates to the transition of neural signals to electrical pulses, called action potentials. For the encoding
method in this research, we employed a threshold-dependant approach to generate spikes which preserve the MRI
dynamic changes over time. For a given MRI time series M(t), where t = 1,2, ..., n, the variation of feature value
over time is denoted by B(t), with a baseline B(1) = M(1). At the next time point t, if the feature value is higher
than B(t — 1) plus a threshold 3, then a positive spike is generated at t and B(t) will be replaced by B(t — 1).
The encoding procedure is defined as follow:

land B(t) « B(t—1) + 88 if M(t) 2 B(t—1)+R
spike(t) ={ —1andB(t) « B(t—1)— R if M(t)<B(t—1)—1R (3)
0 otherwise
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To calculate threshold 13, the whole MRI sample length is considered. Here, the threshold R is a self-adaptive
bidirectional thresholding method, applied to all features. For an input time series M(t), we calculate the
mean m and the standard deviation s of the gradient dM /dt , then the threshold is set to m + as , where a is a
parameter controlling the spiking rate (the intensity of the generated spikes) after encoding. In our experiment, we
set a = 0.5 which resulted in an optimal spike rate for reconstruction of MRI time series from spike trains. The
encoding algorithm is provided in Supplementary Table 3, while Supplementary Fig. 2 demonstrates an example of
encoding MRI time series to spike trains from Left Thalamus feature across the groups (healthy, MCI and dementia).
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Figure 1. A diagram of the generic personalised modelling approach for longitudinal data using SNN illustrated here on the MRI data of 6 years for the classification
and prediction of individuals cognitive outcomes. (a) the cohort 6-year study includes three groups of individuals (healthy, MCI diagnosis). (b) The MRI data were
collected at baseline (T1), 2-year follow-up (T2), and 6-year follow-up (T3). (c) the MRI measurements were interpolated to time-series to capture the patterns of
changes over 6 years for each individual. (d) for a new individual x entering to the personalised modelling system, a group of nearest neighbouring individuals to
this person is selected using our proposed clustering technique applied to MRI data at T1. (e) the MRI time-series of the nearest neighbouring individuals to i are
selected as the training dataset, then encoded to spikes and utilised for training a brain-inspired PSNN model. (g) the PSNN model is then tested using the MRI
time-series (T1 to T3 data) of person x for classifying this individual to one of the diagnosis labels. The trained PSNN models is also tested using smaller length
of MRI time-series (2 years or 4 years) for prediction of outcomes in T3. This procedure is performed for all individuals and the average accuracy is reported.
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2.3.4 Spiking Neural Networks Architecture for Personalised Modelling of MRI Features

The proposed personalised modelling is built upon SNN architecture. SNNs were introduced for the first time in
computational neuroscience for modelling the behaviour of biological neurons. Biological neurons use action
potential (sudden pulses in time) to compute and transmit information. In SNNSs the principle of an action potential
is computationally replicated by binary events (-1 or 1, called spikes) with precise timing as means of
communication. They are biologically plausible neural models comprised of spiking neurons, connections between
them (synapses), and learning algorithms [46] [47][48]. Computational model of a spiking neuron allows the
neurons potential to change as a function of time and input temporal spikes. A spiking neuron emits output spike
at the time t in which its internal state exceeds a threshold. The generated spikes are propagated over time through
the SNN and lead to the adjustment of the connections, allowing the model to learn and memorise. A synaptic
connection can be an excitation that rises the neuron’s potential once receiving input, or an inhibitory that reduces
the neuron’s potential [70]. This resembles the biological excitatory and inhibitory neurotransmitters that
respectively increase or suppress the postsynaptic neuron potential towards firing. Depending on the timing of
spikes between a pair of pre- and postsynaptic neurons, the connection weights between them can be strengthen or
weaken. Therefore, the model learns the causal relationship between the connected neurons by adapting the
connections. These SNNs manifest biologically plausible properties (e.g., action potential, excitatory postsynaptic
potential, inhibitory postsynaptic potential [71]).

The introduction of brain-inspired SNN architectures [60, 61, 72] makes it possible for the encoded spike sequences
of the selected MRI feature data to be transferred into a 3-dimensional model, which topologically preserves the
spatial information of the MRI features. In order to initialise the connections in the PSNN model, the small-world
(SW) connectivity rule is applied [73][74]. In this rule, every neuron is randomly connected to its nearby neurons
within a reduce (fixed to 2 neurons away). The connections are weighted with small random values, so that on
average 80% of the them are positive values [0-1] while 20% of them are negative [-1-0] which are normally
distributed all over the network [75]. In this study, mapping and initialisation of connections are set the same for
all experiments. The mapped PSNN model is then trained by the temporal information of the input spike sequences.
When the training procedure with the selected KNN samples of MRI data is completed, the time series of a person
x data (excluded from the training) is used to test the model. The trained PSNN model is a personalised model of
person x and can be used as an individualised profile to investigate the relationships between a person’s MRI
features over 6 years in relation to a predicted outcome.

The neurons in a PSNN model can be developed according to various computation models including Integrated and
Fire model [76], Leaky Integrated and Fire model (LIF) [77, 78], or Izhikevich model [71]. In the current study, we
used LIF for modelling the neurons in PSNN architecture. In the LIF model after a neuron has spiked, its membrane
potential will not start increasing with next incoming spikes before a refractory period is over. Between the input
spikes, the neuron’s potential reduces by a leak-parameter (illustrated in Fig. 2).

(a) Input spike sequence I I I I I I I I I ﬁring threshold

(b) Neuron potential v(t)

(c) Output spike sequence I |

time

Figure 2. The Leaky Integrated and Fire (LIF) model of neuron shows that when an input spike (shown in a) arrives in a neuron
at time t, the neuron’s potential voltage v(t) (shown in b) increases towards the firing threshold, while decreases (leaks)
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between sequential spikes. If the potential reaches a certain threshold (shown by a green horizontal line), then the neuron
produces an output spike in time t (shown in ¢) and its potential reset to initial value [79].

2.3.5 Unsupervised Learning in SNN Models with the Encoded Longitudinal MRI Feature Data into Spike
Sequences

The learning process in this methodology has two phases (unsupervised and supervised learning). Unsupervised
learning is for adjusting the initial connection weights (inhibitory and excitatory connections) in the PSNN model
while the model is learning from the streaming input MRI feature data encoded into spikes. For this learning process,
we used the STDP rule [64] which is a biologically plausible unsupervised learning method. The STDP adjusts a
synaptic strength regarding the time relation between the presynaptic and postsynaptic action potential occurrences
(pre and post spikes) as depicted in Fig. 3.

STDP rule suggests that if two neurons have causal relationship, then their connection weight should be increased,
and this occurs when the presynaptic neuron fires just before the postsynaptic neuron. The STDP learning rule is
defined using the following relation:

A, exp (f—t) ifAt=0
Aw = A _ 4
—A_exp (— Z) if At<0

where Aw defines the amount of change in the connection weight between pre and post neuron with respect to their
spiking time interval At = t,,.. — tpos:- The parameters A.and A. define the highest value to modify the connection
(when At = 0). The parameters 7, and T_ denote the ranges of pre-to-post-synaptic inter spike intervals over which
the synaptic strengthening and weakening occurs. Fig. 3 plots the changes in synaptic weight by Aw as a function
of postsynaptic spikes in time. STDP allows the SNN models to learn from data with respect to exact timing of
spikes, therefore, acting as an efficient learning rule that generates optimal information follow in the networks
[49],[80].

2.3.6 Supervised Learning in the SNN Models with Labelled Longitudinal MRI Feature Data

When the unsupervised learning is accomplished, we performed supervised learning using dynamic evolving SNN
(deSNN) [81] method to learn the association between the training MRI samples and the class label information
(healthy, MCI, dementia). For every training MRI sample, one neuron was created on the output layer and linked
to all the neurons in the already trained SNN model via excitatory connection. The training samples that were used
for unsupervised STDP learning are being passed again to the SNN for supervised training that modifies the output
layer connections. In this process, when entering the training samples to the model one by one, the temporal spiking
activities in the SNN model, generated by each sample, will be used as input spikes to train the corresponding output
neuron’s connections for recognising this sample. The output connections are first created with weights of zeros
and then initialised with respect to the Rank-Order (RO) rule [82]. This rule assigns the highest value to the first
arriving spike from a presynaptic i in the SNN reservoir a postsynaptic neuron j in the output layer when modifying
the connection weights W; ; between neurons i and j. This is defined as follows:

Wi,j: moderder(i.J) (5)

Where mod is a modulation factor within [0, 1] and order (i, ) is the time order (rank) of the arrival of the first
spike from the presynaptic neurons i to the postsynaptic j and the rank is calculated across all presynaptic neurons
connected to j. The range for i is from 1 to number of neurons in SNN and the range for j is from 1 to the number
of training samples as neurons on the deSNN layer.
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After the initialisation of the output connections with respect to the first arriving spikes using RO rule, then they
will be further modified using a small drift parameter to take into account the occurrence of the following new
spikes at postsynaptic neuron j at time t. When there is no spike to j at time t, then the corresponding connection
weight decreases by the drift parameter, otherwise, it increases. After applying the deSNN supervised learning
phase, the output connection weights are fixed. Next, in the validation phase, a new MRI sample, which is unknown
to the model, is used for testing. For this sample, an output testing neuron is generated and connected to the neurons
from the SNN reservoir. Then, these output connections will be adjusted while propagating the spike trains of this
MRI sample to the model. When the output connections are established, this neuron will be classified by KNN
algorithm that computes the distance between this newly formed testing neuron connections and the rest of the
output neurons connections. The algorithm then votes on a class label of which the new output neuron is similar to
the majority of the output neurons in the KNN set labelled with the same class. This process is performed for all
the testing samples by building different personalised SNN models for testing the outputs for the samples and for
classifying them.

Acausal interaction ; Causal interaction
Pre ‘L | Pre t'_L
ty: E 1:
(a) Post # Post _L
fa : i PR
POAt 1 At
At=t,—t; <0 At=t,—t; >0
+A|
T e S — At
T_ : 7,
(b) ;
A’
-50 ms 0 50 ms
Spike timing (ms)

Figure 3. STDP rule adjusts the synaptic weight by Aw value depending on the time relation between the presynaptic and
postsynaptic spikes occurrence. (a) If presynaptic neuron (Pre) fires at time t; just before the postsynaptic neuron (Post) fires
at t,, then At = t, — t; > 0 indicates a causal relationship that leads to increase the synaptic weight by a positive Aw value if
the Post spike is within 7, time interval. On the other hand, At < 0 leads to decrease the synaptic weight by —Aw value. (b)
the changes of synaptic weight Aw as a function postsynaptic spikes in time. The spike of presynaptic or postsynaptic neurons
are denoted by the shorthand notations Pre and Post.

2.3.7 SNN Models Parameter Optimisation

The SNN models’ parameters are optimised using a grid-search technique to reduce the classification and prediction
outcome error. The optimised parameters are: SNN learning rate and the classifier parameters (mod and drift). In
grid-search technique, each selected parameter was searched within a range specified by the minimum and
maximum value (SNN learning rate (interval [0.001-0.03]), modulation factor mod (interval [0.4-0.95]) and drift
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(interval [0.001-0.3]), through several iterations related to the number of steps for moving from minimum to
maximum. We assigned 10 steps between the minimum and maximum values of each parameter range. Therefore,
for every individual x, 1000 iterations of training (using all MRI samples except the holdout sample i) and testing
(using the single holdout sample i) were performed with a different combination of these three parameters. For
every PSNN model, the parameter values that resulted in the best accuracy in most of these 1000 iterations, were
selected as the optimal parameters.

The proposed methodology here is based on SNNs as powerful models for modelling complex spatiotemporal data
due to their speed, efficiency, real-time action, and biological fidelity [83],[42],[84]. In this study, we used
computational SNN models with biologically plausible STDP learning algorithm for mapping, learning, visualising,
classification, and prediction of cognitive outcomes (healthy, MCI, dementia) using longitudinal MRI data. The
learning process included both unsupervised (STDP rule) and supervised learning (deSNN algorithm). The
hyperparameters of the models were optimised using a grid-search approach. The SNN models with STDP learning
transpired as a potential means to understand time, space, and frequency of complex spatiotemporal brain data. The
main advantages of using brain-inspired SNN models is to reveal patterns of spatiotemporal interactions of input
variables to suggest possible markers of dementia-related diseases. (3) There are powerful neuromorphic hardware
systems of thousands and millions of neurons working in parallel, that can speed up the computation in a real-time
for real-world applications. An example is SpiNNaker which is used in the neuromorphic platform for the Human
Brain Project [85],[86]. (4) Predictive modelling of spatiotemporal brain data using SNNs and their biologically
plausible spike-dependant learning algorithms has shown greater prediction accuracy than traditional ML methods.

3. Results

Fig. 4 illustrates the main phases of the proposed methodology applied to the longitudinal MRI brain data. It can be
seen that the MRI data of MAS cohort were mapped into a 3D brain-template SNN model that topologically
preserves the spatial information of the brain regions while learning from the MRI dynamic changes over time. The
spatial mapping in SNN model is based on the Talairach brain atlas [87], which is one of the most frequently
employed systems for exhibiting coordinates in neuroimaging studies and was implemented in both BrainMap [88]
and Talairach Daemon [89]. The current study used the 3D anatomical Talairach atlas coordinates (x,y, z) with
1471 neurons defined according to the stereotactic system and MRI-Electroencephalogram sensors [90] with every
computational neuron mapping approximately 1-mm? area of the brain. The applied Talairach template includes
anatomical regions classified by lobe, hemisphere, tissue (i.e. grey/white matter) and Brodmann areas [91]. Using
this spatial information, the MRI features were mapped into input neurons of a Talairach structured 3D SNN with
respect to their corresponding anatomical positions (regions of interest in the brain) associated with Talairach
regions. Then, the SNN model was trained using MRI time series (input data) to capture spatiotemporal interactions
between MRI features over time related to individualised outcomes. Therefore, the spiking activities of a certain
cluster of neurons can be associated with the activities of a corresponding anatomical region in the human brain.

The trained brain-inspired SNN models capture the spatiotemporal relationships in the data for the detection and
prediction of cognitive states (healthy, MCI, dementia). The pipeline procedure includes the following steps:

1. MRI data interpolation to time series. This is to capture the trend of changes in MRI across different
individuals in the 6-year period.

2. Personalised modelling for classification of individual cognitive outcome using MRI data across 6-
years, for potential marker discovery of MRI changes and a better understanding of the brain dynamics
related to the progression of MCI and dementia.
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3. Personalised modelling for early prediction (2 and 4 years earlier) of individual cognitive outcome by
building a model on full data and testing it on the first 4-year and first 2-year personal MRI data
respectively.

4. Visualisation of the personalised models built on MRI data for visual exploration and explanation
purposes.

5. Personalised profiling of an individual model for the purpose of finding potential markers for this
individual or groups of individuals.

(a) Input module (b) Mapping module (¢) Learning module (d) Output module
longitudinal MRI measurements Regional mapping of MRI features to 3D brain-shaped SNN|| SNN connectivity, trained with MRI timeseries through
using Talairach brain template spike time dependent plasticity rule
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Figure 4. The methodology for modelling of longitudinal neuroimaging data in a 3D brain-template structured SNN
architecture, with biologically plausible neurons and learning algorithms. (a) the input module interpolates neuroimaging
data, recorded as several MRI features f, to time series which are then encoded to spike trains and used as input steams to the
3D SNN model. (b) spatial mapping of the SNN model using anatomical locations of the brain areas defined in Talairach space
[90] and assigning the input MRI features to input neurons with respect to their Talairach template 3D coordinates. Here, the
computational model of a neuron is the Leaky Integrated and Fire (LIF) model, where the neuron’s potential increases or
decreases (integration and leakage) with respect to the incoming events (spikes) in time (see Methods section for details). (c)
the mapped SNN model learns from the input spikes to adapt neural connectivity with respect to temporal relationship between
pre- and postsynaptic action potentials (spikes between the connected neurons). This is performed by a biologically plausible
learning rule (unsupervised spike timing dependant plasticity rule, explained in the Methods section). (d) the output module is
based on supervised learning to learn the association between the class labels and the training MRI samples (output neurons).
Then the trained model is tested using a new unseen MRI sample for classification of the generated spatiotemporal patterns in
SNN into different classes, in this case healthy (H), mild cognitive impairment (MCI) and dementia (D).

3.1 Longitudinal MRI Feature Interpolation into Time Series

The original MRI datasets were recorded at baseline, 2-years, and 6-years of follow-up, in the form of static
neuroimaging data. To capture the changes in longitudinal MRI data as a function of time in an SNN model, the
data from each individual were linearly interpolated to time series by adding simulated data points that illustrate
trend of changes between the measurements (from baseline to T1 and from T1 to T3). Here, a total number of 75
data points were generated between T1 to T3, representing 72 months in this 6-year period plus the three
measurement times. The obtained time points for the longitudinal MRI data of an individual represent time series
information which is used in this paper to create brain-inspired SNN models for predictive data modelling of
cognitive outcomes. This interpolation is to transform the static MRI data (measured at 3 points) into time series.
The applied linear interpolation is based on a simple assumption to generate more data points between the original
MRI measurements while preserving the trend of data. There is no loss of trend-information in this method as the
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interpolated data points follow the trend of changes in the original MRI data. These changes are then encoded into
events in time that capture the dynamics of data changes over time, and then the temporal events are used as inputs
for training computational models. The longitudinal MRI data points represent changes in the values from several
brain regions of interests (ROIs) over time. We identified 31 MRI variables which were measured as mutual
variables at all the follow-up assessments (T1 to T3). Please see the list of 31 MRI variables in Supplementary
Table 1.

Fig. 5 shows an exemplary MRI feature (right pallidum) interpolated to time series. The three temporal patterns of
pallidum MRI feature represent the mean value of the feature across all the individuals in healthy (blue line), MCI
(red line) and dementia (yellow line) groups based on the diagnosis/outcome provided at time T3. The interpolation
of all the MRI features to time series is shown in Fig. 1 of the Supplementary.
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Figure 5. (a) Demonstration of the right Pallidum region in the brain from different angles. (b) The interpolated data is
representing the trends of changes in the brain volume of one MRI feature (right Pallidum- please see Fig. 1 in the
Supplementary) for 6 years, averaged across individuals in healthy H (blue), MCI (orange) and dementia (yellow) outcome
groups.

To analyse the MRI changes from T1 to T3 across the groups (healthy, MCI and dementia), Analysis of Variance
(ANOVA) [92] was applied to measure the significant distinctions between the groups. A repeated-measures
ANOVA was applied with respect to three within-subjects’ factors: Hemisphere (left and right), Site (15 brain sites)
and Time (T1, T2 and T3) across all the Groups. The results (shown in Supplementary Tables 2) suggest a significant
main effect of Time [F (14, 258.5) = 309.8, p < 0.001, n2 = 0.64], two significant Site*Time interactions [F (28,
567.8)=117.70, p<0.01, n2 = 0.41], and a Site*Group interaction [F (28, 258.52) = 2.74, p = 0.04, n2 = 0.03]. It
can be seen from Supplementary Table 2 that at T1, the Site*Group interaction did not significantly differ at all
brain sites except frontal, anterior horn, periventricular, occipital, posterior horn, and hippocampus. However, the
ANOVA analysis showed significant group differences at T2 [F (28, 258.5) =1.89, p = 0.03, n2 = 0.21]. Note that
WMH volume reflects lesioning in the white matter. The subcortical volumes are structural volumes, with higher
volumes suggesting less atrophy. Compared to healthy and MCI groups, the dementia group showed significant
neural changes of WMH volumes in frontal, anterior horn regions, and volumes of the periventricular, occipital,
posterior horn, hippocampus, putamen, pallidum, and amygdala. At T3, the Site*Group interactions differ
significantly at all the brain sites [F (28, 258.64) =4.09, p<0.001, n2 = 0.45]. Fig. 6 illustrates the change in mean
values of MRI features as a function of Groups. Sites 3 (frontal) and 8 (parietal) diverge considerably between MCI
and dementia groups and may, therefore, be potential markers for predicting dementia. A significant change from
time T1 to T3 is seen in dementia more than MCI. The proposed in this paper personalised computational models
achieved deeper analysis of the patterns of MRI features beyond the mean values, within and between groups, to
improve the model accuracy and understand these changes. The following section explains the creation of a
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450  computational model based on deep brain-inspired SNN for personalised modelling of data and to perform pattern
451  recognition, classification, and prediction of cognitive outcomes.
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453 Figure 6. Illustration of the mean values (in mm?3) of the MRI features at 15 brain sites for each of the three subject groups
454  (healthy H, MCI, and dementia D) across the left and the right hemispheres at times T1, T2 and T3 of the MAS study. The
455 brain sites are: (1) cerebellum, (2) temporal, (3) frontal, (4) anterior horn, (5) periventricular, (6) occipital, (7) posterior horn,
456 (8) parietal, (9) Hippocampus, (10) Thalamus, (11) Caudate, (12) Putamen, (13) Pallidum, (14) Amygdala, (15) Accumbens.
457 Features (1)— (8) are WMH volumes and (9) — (15) are Brain volumes FSL (please see Supplementary Table 1 - List of MRI
458  features used in this study). Significant changes from time T1 to T3 are seen in dementia more than MCI and H. Analysis of
459  variance is reported in Supplementary Table 2.
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3.2 Personalised Classification of Individual’s Cognitive Outcome (Healthy, MCI, or Dementia)
using 6-year Interpolated MRI Data

After interpolating the MRI feature data as time series (Supplementary Fig. 1), personalised classification of
healthy, MCI and dementia outcomes (called classes) was performed using computational models for every
individual as reported in Table 2 (top). Here, the class label of each individual’s MRI data is given with respect to
the individual’s cognitive outcome diagnosed in year 6 (T3) of the MAS study. For every person i, a personalised
SNN model (PSNN) was created and trained by 6-year MRI data (time series from T1 to T3) that belong to a group
of similar individuals to person i (similar MRI samples) and this person’s data is used only to test the accuracy of
the output produced by the model. Since dementia class (minority class) has a very small number of samples (14),
we limited the number of nearest neighbouring samples to 14 which represents selecting a maximum number of top
14 similar samples to i from each of the three classes. This led to select 42 KNN (K-nearest neighbour) samples
when creating a model for each individual from H and MCI groups (14 samples per class). In the dementia group
of 14 individuals, there were 41 KNN samples for each individual’s model (14 from H, 14 from MCI, and 13 from
dementia).

The selected KNN samples are used as the training dataset, while the one MRI feature sample (spatiotemporal
sequence) of personi was used as the testing sample, which was excluded from the training phase. The PSNN
model of person i was trained using all the KNN samples (sequences) in two phases: unsupervised and supervised
learning. The unsupervised learning was based on a spike timing dependant learning rule (STDP) specified for SNN
architecture (see Methods section). This learning phase adjusts the spatiotemporal connections in the PSNN model
while learning from the input spikes of the training samples. The supervised learning was performed to learn the
association between the class labels and the 3D SNN models created for the same training samples. Then the trained
model was tested using the 6-year MRI data of the person i who was excluded from the training phases, to classify
this person’s data into H, MCI or D. This procedure was performed for every individual in the dataset, providing
an individual (personalised) classification model. Table 2 reports a high classification accuracy of 96% with respect
to individuals’ diagnostic outcomes at year 6. This suggests that the personalised models were successfully trained
with 6-year MRI time series and captured discriminative patterns of MRI changes for each individual across the
groups, and also models to be potentially used for predictive modelling as explained in Section 2.3. The SNN
models’ parameters are optimised using a grid-search technique to reduce the classification and prediction outcome
error. More information about the optimisation procedure is provided in the Methods and Supplementary sections.

Table 2. Classification (top), two-year prediction (middle) and four-year prediction (bottom) of an individual’s interpolated
MRI data to class 1: healthy (H), class 2: MCI and class 3: dementia (D) subjects using the proposed PSNN method on the
MAS study data. The best accuracy for each individual’s model was obtained using a grid-search optimisation to tune a
combination of PSNN parameters (see the Methods section). The reported parameters are the average optimal values across all
the 175 individuals’ models (e.g., see Supplementary Figs. 3,4,5). The table’s diagonal represents the number of correctly
predicted MRI samples. In every personalised model of H and MCI individuals the size of KNN is 42, while KNN is 41 for
individuals from dementia group.

Experiment wal H M D Accurac  Sensi  Specificity Total F-score Parameters
Predict Cl y tivity accuracy

H 91 0 0 97% 100% 96% Learning
Classification MCI 3 65 1 97% 97% 97% 95% 94% rate: 0.02
D 0 2 13 93% 98% 92% Mod: 0.5
Drift:0.22
Two-year H 8 2 0 94% 93% 97% Learning
ahead MCI 4 63 2 94% 94% 94% rate: 0.02
prediction D 2 2 12 86% 86% 97% 91% 89% Mod:0.5
Drift:0.22

H 73 11 1 78% 82% 78%
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Four-year MCI 15 46 3 69% 82% 68% 73% 67% Learning
ahead D 6 10 10 71% 88% 76% rate: 0.01
prediction Sum 94 67 14 Mod:0.4
Drift:0.25

3.3 Personalised Prediction of Individual Cognitive Outcome

To investigate how early the discriminative patterns of changes in MRI data between healthy, MCI and dementia
groups can be captured for prediction of individual outcomes, we performed two personalised predictive modelling
experiments. The first experiment is related to the prediction of cognitive outcomes two years ahead of an actual
diagnosis/outcome. Here, for each individual x, a PSNN model was trained using MRI data from T1 to T3 (6-year
data) of the nearest neighbouring individuals to i (selected at T1). Then the model was tested with MRI data from
T1 to the generated T3 from the interpolated data MRI values (4-year data) that belong to individual x as reported
in Table 2 (middle part). The second experiment is related to 4-year ahead prediction. Here, for each individual x,
a PSNN model was trained using the same training data in Experiment 1 but was tested using the MRI data of the
individual x from T1 to T2 (2-year data), which results in a 4-year ahead prediction of an outcome for x, as shown
in Table 2 (bottom part). As previously mentioned, for these two experiments the testing MRI data were not included
in the training phase when creating a personalised modelling of individual x. Supplementary Fig. 4 reports the
optimal STDP, mod and drift parameters in 175 individuals’ models. In Table 2 (last column), we reported the
average of the optimal parameters across all the 175 generated PSNN models. The rest of the parameters are fixed
according to previous studies (spike rate parameter= 0.5, small-world connectivity radius= 2.5, and neuron firing
threshold= 0.5). The best accuracy for each individual’s model was obtained with respect to a grid-search optimisation
approach to tune a combination of some PSNN parameters including SNN learning rate (interval [0.001-0.03]), modulation

factor mod (interval [0.4-0.95]), and drift (interval [0.001-0.3]). The reported parameters are the average optimal values across
all the 175 individuals’ models (Supplementary Figs. 3—D5).

For comparative analysis, we used LSTM (long short-term memory) which is an artificial recurrent neural network
architecture and is a state-of-the-art method for classification and prediction of time series [103]. LSTM is used
here as the model can handle different lengths of samples for testing data and provide prediction. Table 3 shows the
results of classifying, 2-year and 4-year prediction of MRI data to class 1: H, class 2: MCI, and class 3: dementia.
The PSNN resulted in a higher accuracy of classification and prediction when compared with LSTM. This is
occurred due to the capability of SNN model to learn both time and space components of longitudinal brain data in
one unifying model. This allows for capturing the relationship between the MRI features and their temporal changes
in the form of spatiotemporal connectivity in relation to the output class labels.

Table 3 Classification and prediction of interpolated MRI data to H, MCI and dementia groups using LSTM (long short-term
memory) [93]. The model exactness was measured using F-Score, specificity, and sensitivity. The method is Leave-one-out
cross validation.

LSTM Accuracy | Specificity |  Sensitivity F-Score Parameters
Classification 43% 69% 58% 56% BiLSTM.
2-year ahead 40% 60% 45% 40% | 100 hidden

prediction units.
4-year ahead 41% 66% 56% 46% layers: 3.
prediction Softmax.

The optimised parameters were validated using a new dataset of 90 samples, generated using Synthetic Minority
Over-Sampling Technique (SMOTE) [94] as an up-sampling technique to generate new samples (artificial data)
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based on the similarities between the feature spaces in the existing dataset. The classification, 2-year, and 4-year
ahead prediction results are reported in Supplementary Table. 4.

3.4 Visualisation of the SNN Models

As explained above, the interpolated MRI time series are first transferred into spikes that represent the changes in
the values of brain data features over time. The spike sequences of the MRI features were then mapped into the 3-
dimensional SNN reservoir, constructed with 1471 artificial neurons using the brain Talairach coordinates [87],
enabling the topological preservation of the spatial MRI information. For every MRI feature there is one neuron
(input neuron) allocated in the SNN model to transfer the MRI spike sequences for incremental learning. The SNN
connections are initialised with respect to the small-world (SW) connectivity rule [73],[74], [95]. The SW rule is a
biologically inspired technique which defines the possibility of connecting one neuron to other ones with respect to
the pairwise distance between them, a greater distance leads to a smaller probability of connectivity. To ignore the
effect of random initialisation across the groups, we used the same initialised SNN model in all experiments. These
initial connections are later modified while the SNN model is learning from the streaming MRI spikes entered
through the input neurons. The developed SNN model generates a connectivity structure, where many-to-many
neurons are linked to demonstrate the dynamics of longitudinal MRI data. To demonstrate how the spiking activity
is propagated into the SNN model while streaming input time series, Fig. 7 shows a stepwise visualisation of spiking
activities during the learning process with input MRI data from the MCI group.

Fig. 8 illustrates the modified connections in three SNN models trained separately by all MRI samples (all
individuals) from healthy, MCI and dementia groups (diagnoses were taken from T3). This shows that a greater
amount and stronger connections were generated in the SNN models of dementia with an average connection weight
of 1.1 as compared with the SNN models of MCI (connection weight = 0.93) and H (connection weight = 0.87).
These connections were established differently between the groups because of the variation in spike intensities in
their longitudinal MRI datasets.

To show how each MRI feature has developed different connectivity inside the SNN models of healthy, MCI and
dementia groups, we extracted the models’ quantitative information and illustrated the average connection weights
around each MRI feature in the SNN models (Fig. 9). It can be seen from Fig. 8(c) and Fig. 9 that the SNN model
of dementia shows greater spatiotemporal connectivity compared to the other groups. This suggests that compared
to H and MCI, the dementia group showed greater change across several brain areas, leading to the generation of
more spikes. When these spike trains are entered to the SNN model for the learning phase, they result in developing
stronger spatiotemporal connections between the model’s neurons.

For the learning algorithm in the SNN models, we used STDP [64] which can capture the dynamic patterns of MRI
data. During the STDP learning process, input spikes are propagated to the model and lead to the adaptation of the
spatiotemporal connectivity. From Figs. 6 and 9, it can be derived that over the 6-year follow-up in the MAS cohort,
several brain regions underwent change in the subjects with dementia diagnoses compared to MCI and H groups.
More specifically, these changes were in the temporal, frontal, cerebellum, occipital, parietal, and brain stem sub-
areas. This finding can be further studied as neuroimaging predictive markers.

As mentioned earlier, the mapped SNN models in Figs. 8 and 9 were generated when all the subjects’ data were
used as the training set to capture between-group differences. The next section represents that the proposed
personalised modelling allows the creation of an individualised model for each subject’s MRI data that is trained
with the most relevant individuals’ MRI data (nearest neighbouring samples), thus, detecting within-group
differences through creating personalised profile for everyone.
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(b) Dynamics of the SNN activities while learning from encoded spikes from 6-year longitudinal MRI feature data

Figure 7. (a) The mean values of the interpolated MRI time series from 31 features measured over 6 years. MRI features are WMH volumes and brain volumes
FSL (Supplementary Table 1). (b) Six sequential states of spiking activities in an SNN model during STDP learning with 6-year MRI data. The spiking activities
generated during the learning process are visualised after learning from every 12-month MRI data, reflecting the dynamics of MRI features and the corresponding
activated brain areas. Red dots are active neurons that just generated output spikes, blue dots are inactive neurons that have not yet emitted output spikes, pink,
blue, and yellow squares represent respectively the positive, negative, and no spikes entered from the input neurons (MRI features).
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3.4.Personalised Profiling of an Individual

The proposed PSNN model can be also used here to derive a personal profile of an individual’s cognitive
progression over time that can be further investigated in terms of important individual characteristics and risk
factors. This personalised modelling approach contributes as a decision support system that allows, for the first
time, to create a personalised profile of a person and demonstrates the interactions between the MRI features.
Therefore, it supports the model interpretability, which means that we can understand how the MRI feature
interactions led to predict a specific individual cognitive outcome (in this case: healthy, MCI or dementia) over 6
years. This is in contrast with many conventional classifiers, which perform like black-box information processing
systems[96] with no supporting information to interpret the outcome results. Fig.10 illustrates PSNN models for
three randomly selected individuals from H, MCI, and dementia groups. These PSNN models are generated after
the unsupervised learning with input spike sequences from different KNN samples of MRI data.

To further analyse the spatiotemporal interactions between the MRI features in the PSNN models of Fig. 11, a
Feature Interaction Network (FIN) is created to represent the level of interactions and to measure how the changes
in one brain area can be influenced by the changes in other areas. To compute the level of interaction between the
input neurons (MRI features) in the SNN models, an affinity N x N matrix A is defined on the SNN model that
displays the sum of the spikes that are exchanged between neurons i and j (i=1,..,N andj=1,..,N) via
connection w;;. Every input neuron forms a cluster of neurons around itself that received the greatest number of
spikes from this input neuron compared to the other input neurons. The FIN depicts how these groups of neurons,
each connected to an input neuron (MRI feature) are interacting over time. The amount of spike interaction between
any two adjacent groups of neurons (each connected to one input neuron) was computed with respect to the number
of spikes exchanged between them. The wider the arc between nodes, the more spikes were transmitted between
the corresponding groups of neurons, that represent different areas of the brain data model.

In Fig. 11, the FINs show the causal relationship between the 31 MRI features during the learning process in the
PSNN models with 6-year MRI data of different individuals’ data. The nodes represent the MRI features, while the
arcs capture the number of spike communications between the neural clusters around the features during the
learning. The thickness of the arcs corresponds to the strength of the interactions between the MRI features. This is
observed in Fig. 11 that various interactions between the MRI features were captured for each of the groups. This
means that the changes in one MRI feature caused some changes in other ones. The FINs demonstrate that compared
to the H group, causal interactions are stronger in MCI and much stronger in the dementia group. For example, in
the FIN of MCI, a few noticeable interactions are related to the causality between regions of occipital, accumbens,
and periventricular. Also, there is evidence of an association between MRI features in the basal ganglia (right
caudate and right accumbens). A strong interaction can also be seen between the amygdala and per ventricle
changes, and between right anterior horn and right caudate. The FIN of dementia represents greater brain changes
were captured between wider areas of the brain during the 6 years of follow-up compared to healthy and MCI
groups. The strong interactions are among left and right anterior horn, left anterior horn and left caudate, right
posterior horn and right amygdala, right parietal and right frontal, right occipital and right caudate. The connections
have shown causal changes to the cerebellum (posterior), accumbens (subcortical) and frontal cortex (anterior).
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Figure 8. 3D (left) and 2D (right) visualisations of the spatiotemporal connectivity in the SNN models trained on MRI data
(interpolated from T1 to T3) of individuals whose diagnostic outcomes at T3 are healthy (94 subjects, shown in a), MCI (67
subjects, shown in b) and dementia (14 subjects, shown in c). The SNN model of the dementia group (in c) illustrates greater
connections (average weights= 1.1) when comparing with the models of H (average weights= 0.93) and MCI (average weights=
0.81). This is because the values of some of the MRI features have been significantly changed over the 6-year follow-up in
MAS study, resulting in enhanced connections between the neurons during the SNN model’s learning phase. The blue lines
are positive (excitatory) connections, while the red lines are negative (inhibitory) connections. The thickness of the lines
identifies the weight of the connections.
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Figure 9. Average connection weights around each MRI variable in the SNN models trained with 6-year MRI time series

from healthy H (in blue), MCI in (orange), and dementia D (in grey). Connection weights in the SNN model capture spatio-
temporal changes in the MRI input features.

Average weights: 0.74 Average weights: 0.83 Average weights: 1.4

(a) Healthy (b) MCI (c) Dementia
Figure 10. Personalised profiling of three randomly selected individuals from H (shown in a) MCI (shown in b) and dementia
(shown in c) groups. These three PSNN models are trained with the use of spike trains of different KNN samples of MRI data
for each individual. The spatiotemporal connectivity in a PSNN model of an individual from the dementia group (in c) illustrates
more connections when compared with the models of the H individual (in a). The enhanced SNN connectivity in the individual
diagnosed with dementia is due to an increased amount of changes in the values of certain MRI features in this patient over the
period of follow-up. These MRI changes were encoded into more spikes, causing enhanced connections during the PSNN
model’s learning process. The blue lines are positive (excitatory) connections, while the red lines are negative (inhibitory)
connections. The thickness of the lines identifies the weight of the connections.

This section demonstrated that the computational SNN models for personalised modelling of longitudinal MRI data
were created to perform pattern recognition, classification, and prediction of cognitive outcomes (healthy, MCI and
dementia). The models demonstrated the spatiotemporal interactions (in the form of connections) between the MRI
features in a computational SNN model, rather than an exact structure of the brain’s physical neural connectivity.
The SNN models learned from the changes in MRI time series which were encoded into spikes. The learning was
performed using STDP, which changes the synaptic strength based on the difference in firing time of pre- and
postsynaptic neurons. Using an encoding method, drastic changes in MRI data were encoded to more positive or
negative spikes. The greater intensity of these input spikes and their propagation to the SNN model caused more
repeated spike transformation between the neurons during the STDP. Therefore, the absolute values of the
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658  connection weights (both positive and negative) increased over time. This means that greater spatiotemporal
659  connections in the SNN models represent more changes in the MRI time series. Our findings presented that the
660  SNN model of dementia group has stronger changes across several brain regions, demonstrated in the form of
661  spatiotemporal connections in the SNN model. The SNN models were also used for classification and prediction of
662  cognitive outcomes when tested with a new MRI sample. The models were able to accurately classify and predict
663  2-year ahead of cognitive decline (MCI and dementia) with 96% and 90% accuracy respectively, which were better
664  than the accuracy from traditional classifiers.
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669 Figure 11. The FIN graphs show causal, temporal relationships between longitudinal changes in MRI features over 6-year
670 period for the PSNN models of three individuals, randomly selected from the participants who developed MCI or dementia, or
671 remained healthy after 6 years (labels are from the last follow-up assessment). The thicker the line, the more temporal
672 interactions between the features (brain areas) over the period of 6 years have been captured in the PSNN models. A FIN graph
673 allows us to discover and investigate the functionality of interacting brain areas for each of the 3 outcome groups.
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4. Discussion

The MRI modelling in this research suggested certain regional changes in WMH and structural volume associated
with MCI and dementia development over 6 years. The results in Figs. 6 and 9 demonstrated left-right asymmetry
in SNN connectivity in certain brain areas, particularly presented in the cerebellum, temporal, occipital and parietal
as well as in periventricular areas while this asymmetry was less presented in the MCI and H groups. A relevant
finding was previously reported for hippocampal volumes asymmetry during the progression of Alzheimer’s disease
[20].

Our findings in Fig. 6 demonstrated that the MRI changes over 6 years in frontal and parietal lobes diverged
considerably between healthy, MCI, and dementia groups and would, therefore, be potential markers for predicting
cognitive outcomes. Significant changes from time T1 to T3 are seen in dementia more than in MCI. This finding
supports the results of another study which reported MCI is correlated to structural vulnerability and differential
volume change across brain regions [97]. The results from the current study are also aligned with previous research
that reported alterations in different brain regions, as Zidan et al [98] who found that volumes in the hippocampus
are lower in people with Alzheimer’s disease compared to individuals with MCI. Also, Gootjes et al [99] showed
that the WMH index (WMH volume separated by lobar volume) was greater in people with dementia while it was
at a low level in healthy controls and, within each group, the WMH index was elevated more in parietal and frontal
lobes than in temporal and occipital lobes.

Based on the encoding algorithm, drastic changes in MRI features over time (both increases and decreases) lead to
the generation of a greater number of spikes (both positive and negative), which are then entered into the SNN
model for the learning process. According to the LIF model of a spiking neuron, if a neuron receives more frequent
input spikes over time, its potential increases faster and generates more frequent output spikes. The STDP rule
changes the synaptic strength based on the difference in firing time of pre- and postsynaptic neurons. The greater
intensity of these input spikes and their propagation to the SNN model caused more repeated spike exchange
between the neurons during the STDP. Therefore, the absolute values of the connection weights (both positive and
negative) increased over time. This means that greater spatiotemporal connections in the SNN models represent
more changes in the MRI time series. The created computational SNN models in Fig. 8 were trained by 6 years of
MRI time series from healthy, MCI and dementia groups. The findings suggested that the model of dementia has
shown stronger connections (average connection weights= 1.1) across several areas when compared with the models
of H (average connection weights= 0.93) and MCI (average connection weights= 0.81). The gquantitative
information of the SNN models (shown in Fig. 9) demonstrated that dementia group had much stronger connection
weights in some brain regions, such as the right cerebellum, left temporal, right frontal, right occipital, right
posterior horn, right parietal, and right amygdala. These connections were developed during the STDP learning
with spike trains of interpolated MRI data.

FINs in Fig. 11 depicted networks of interactions between MRI features over 6 years and demonstrated the changes
in one MRI feature caused some changes in other ones. Compared to the healthy control group, interactions are
stronger in the FINs of MCI and much stronger in the dementia group. This represents greater brain changes were
captured during the 6 years of follow-up for individuals with dementia. For example, in Fig .11, the FIN of MCI
demonstrated stronger interactions between the volume changes in left and right hippocampus and the WMH of the
temporal region. These cognitive changes were shown to be enhanced across several brain regions in the FIN of the
dementia group which demonstrated strong associations between the changes in the volumes of the amygdala,
hippocampus and WMH of temporal and posterior horn regions. Our finding is consistent with previous research
on hippocampus and amygdala atrophy in relation to cognitive decline [100]. Furthermore, other studies report an
association of WMH with the risk of progressing from healthy ageing to MCI [18] and the regional specificity of
the association of WMH with cognitive functions, memory performance and Alzheimer’s disease [19, 101].
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Brickman et al also indicated that WMH volume in the parietal lobe predicts incidents of dementia while in people
with Parkinson disease, the hippocampal volume is a main component in predicting MCI and dementia [20].

The proposed method for personalised modelling using SNN allows for capturing the relationship between the MRI
features in the form of spatiotemporal connectivity in relation to the outputs. Therefore, the model does not act as a
black-box information processing system, but as an interpretable model that demonstrates what interactions between
the features have triggered the output. In contrast to our proposed approach, LSTM has no brain-like structured
architecture to learn both time and space components of longitudinal brain data in one unifying model. Knowledge
discovery in deep-learning patterns generated during the learning time, in an unsupervised mode in SNN models,
from spatiotemporal data streams is of crucial importance for the interpretability. In the current study this has
allowed for a better interpretation of the spatiotemporal interactions between variables when compared with state-
of-the-art classifiers such as LSTM.

Although there are neuroimaging studies that investigated and reported association of longitudinal brain changes
with the risk of progression from normal cognitive conditions to MCI and dementia [18, 98, 102], personalised
neuroimaging data modelling for accurate classification and prediction of individual cognitive outcomes in older
people is still lacking. Our proposed methodology aims to solve a challenging problem of how to integrate diverse
brain changes that occur spatially and over time (as measured with MRI), into the comprehensive predictive
algorithm. Future directions include:

- Applying the proposed methodology on larger data cohorts.

- Applying the personalised modelling system to the larger number of features in the same cohort, such as
clinical and psychometric assessments that may provide complementary information and lead to improve
the accuracy of classification and prediction of brain changes associated with various cognitive outcomes.
This will help to better understand the processes underlying the development of neurodegenerative and
cerebrovascular diseases.

- Developing new deep learning algorithms to complement the existing ones.

- Developing new algorithms for symbolic spatiotemporal rule extraction from trained PSNN to better
understand individual brain dynamics related to outcomes.

- Implementation of diagnostic tools for clinical practice.

5. Conclusion

The current study introduces a new method for personalised predictive modelling of longitudinal data using a brain-
inspired SNN architecture for early prediction and classification of neurological state (e.g., healthy, MCI and
dementia). The proposed method is a generic one, applicable to wide range of neuroimaging and clinical
longitudinal data. It is applied here to longitudinal (across 6 years) MRI data from the Sydney MAS study
(Australia), which represents a reliable cohort of older adults.

The proposed methodology consists of several procedures, including: data imputation to deal with missing values,
data interpolation to transfer longitudinal MRI data to time series, encoding the MRI time series into sequences of
spikes that represent significant data changes over time, mapping the MRI data into 3-dimensional brain-inspired
SNN model structured according to a brain template, unsupervised and supervised training from the MRI data,
classifying/predicting an individual cognitive conditions with superior accuracy to traditional machine learning
classifiers, visualisation and interpretation of results for individual marker discovery. The methodology used in this
paper is based on a brain-inspired SNN architecture and has several advantages compared to traditional machine
learning methods, including:
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- High accuracy and sensitivity of an individual cognitive outcome classification and prediction. The SNN
models were able to predict 2 years ahead of cognitive declines (MCI and dementia) with 90% accuracy.

- Enabling the creation of individual models for a better understanding of changes in an individual’s
longitudinal MRI data over time, representing an individual cognitive degeneration.

- Improved model interpretability through capturing the spatiotemporal relationship between the data
variables during the learning process as symbolic rules [61].
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