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Part I

Summary



Abstract

Machine learning (ML) is currently one of the most important research fields, spanning com-
puter science, statistics, pattern recognition, data mining, and predictive analytics. It plays a central
role in automatic data processing and analysis in numerous research domains owing to widely
distributed and geographically scattered data sources, powerful computing clouds, and high digi-
tisation requirements. However, aspects such as the accuracy of methods, data privacy, and model
explainability remain challenging and require additional research.

Therefore, it is necessary to analyse centralised and distributed data processing architectures,
and to create novel computationally intensive explainable and privacy-preserving ML methods, to
investigate their properties, to propose distributed versions of prospective ML baseline methods,
and to evaluate and apply these in various applications.

This thesis addresses the theoretical and practical aspects of state-of-the-art ML methods. The
contributions of this thesis are threefold.

In Chapter 2, novel non-distributed, centralised, computationally intensive ML methods are
proposed, their properties are investigated, and state-of-the-art ML methods are applied to real-
world data from two domains, namely transportation and bioinformatics. Moreover, algorithms for
‘black-box’ model interpretability are presented.

Decentralised ML methods are considered in Chapter 3. First, we investigate data processing
as a preliminary step in data-driven, agent-based decision-making. Thereafter, we propose novel
decentralised ML algorithms that are based on the collaboration of the local models of agents.
Within this context, we consider various regression models. Finally, the explainability of multi-
agent decision-making is addressed.

In Chapter 4, we investigate distributed centralised ML methods. We propose a distributed par-
allelisation algorithm for the semi-parametric and non-parametric regression types, and implement
these in the computational environment and data structures of Apache SPARK. Scalability, speed-
up, and goodness-of-fit experiments using real-world data demonstrate the excellent performance
of the proposed methods. Moreover, the federated deep-learning approach enables us to address the
data privacy challenges caused by processing of distributed private data sources to solve the travel-
time prediction problem. Finally, we propose an explainability strategy to interpret the influence of
the input variables on this federated deep-learning application.

This thesis is based on the contribution made by 11 papers to the theoretical and practical aspects
of state-of-the-art and proposed ML methods. We successfully address the stated challenges with
various data processing architectures, validate the proposed approaches in diverse scenarios from
the transportation and bioinformatics domains, and demonstrate their effectiveness in scalability,
speed-up, and goodness-of-fit experiments with real-world data.

However, substantial future research is required to address the stated challenges and to identify
novel issues in ML. Thus, it is necessary to advance the theoretical part by creating novel ML
methods and investigating their properties, as well as to contribute to the application part by using
of the state-of-the-artMLmethods and their combinations, and interpreting their results for different
problem settings.



Chapter 1

Introduction

Machine learning (ML) has become a very important research field, which encompasses computer
science, statistics, pattern recognition, data mining, and predictive analytics. It plays a central role
in automatic data processing and analytics across numerous research domains for the following
reasons: First, contemporary data in various domains are gathered from widely distributed and
geographically scattered sources such as sensors, clouds, and Internet of Things devices and
their volumes increase continuously over time. Second, modern computers, supercomputers, and
computing clouds, as well as powerful edge devices, provide a strong basis for processing large
amounts of data. Third, based on the previous facts, application domains resulting from digitisation
offer great potential in obtaining useful information from these data and in using them for data-driven
decision-making to solve previously unsolvable problems. Finally, this leads to the development of
novel ML methods that facilitate the ability of contemporary data-driven AI-based management,
control, and decision-making systems to solve domain-specific problems.

State-of-the-art computationally intensive data-driven methods, such as deep learning, and non-
parametric resampling- and ensemble-based methods, can replace complex analytical procedures
with multiple calculations. Considering their classical ML ancestry, they are easily applicable
and, in most cases, more accurate than other methods. Complex artificial networks, such as con-
volutional, recursive, and generic adversarial networks, as well as autoencoders, are capable of
significant achievements in solving previously unsolvable problems including accurate face recog-
nition, autonomous driving assistance, and new drug discovery. In this thesis, we consider the
timely application of these methods in bioinformatics and transportation. Thus, modern data-
driven AI-based systems that are implemented in transportation can provide more effective control
and management of transportation and shared mobility systems, thereby reducing traffic and air
pollution. Moreover, proper data processing of bioinformatics data can facilitate new findings in the
dependencies between the genome and disease, as well as the promotion of personalised medicine.

Different data processing architectures address the varying requirements of practical applications,
which are investigated in this thesis and stimulate the creation of specialisedMLmethods. However,
ML is currently in the developmental stage, and despite the huge progress made in digitisation,
several challenges remain.

Challenge 1: The wide availability of data increases the need for data processing and analysis.
Novel ML methods that are generally computationally intensive should be created for new data-
driven statistical problems or adapted for existing ones, thereby providing more effective, accurate,
and robust solutions. Novel computationally intensive methods based on resampling, subsampling,
ensembling, stacking, hybridisation, and deep learning should be proposed to provide effective
solutions for existing and new problem statements.

Challenge 2: The challenges in big data relate to the large volumes of distributed data that
cannot be processed together in a reasonable time owing to their substantial sizes. Contemporary
computing clouds enable the distribution of computational processes acrossmultiple servers and the

3



4 1 Introduction

Non-distributed centralised Distributed centralised Decentralised (Peer-to-Peer)

Raw data ParametersAggregated data

Fig. 1.1 Data processing architectures

subsequent gathering of the results. Distributed calculations could be addressed through the smart
‘artificial’ partitioning and parallelisation of data, and computation within a cloud-based architec-
ture or powerful supercomputers. Modern operating systems and frameworks such as Hadoop and
SPARK facilitate this process. Many data processing libraries have been developed for distributed
versions of contemporary centralised data analysis methods to parallelise data processing in cloud
infrastructures. However, these processes cannot be distributed automatically. Therefore, a novel
scalable and more rapid distributed version based on prospective ML methods is required to dis-
tribute their computations and to increase their execution speed, which will allowmore complicated
tasks to be solved.

Challenge 3: Distributed data sources often cannot be processed centrally. Complex networked
applications with a large number of interconnected objects may generate their own data, observe the
activities of other objects, and make decisions. Such data-driven systems are frequently modelled
using a multi-agent system approach, in which agents can have goals, be intellectual, and possess
data processing abilities, as well process the data decentrally and cooperate with one another. The
agents often cannot or do not need to use central server capabilities for data processing owing
to communication problems or privacy aspects. This leads to data processing in a decentralised
manner; however, restricted collaboration may be very profitable. Therefore, novel decentralised
ML methods should be created and effective coordination mechanisms should be designed.

Challenge 4: Distributed data often cannot be processed together because of privacy reasons
and the inability or unwillingness of partners to share the raw local data, which leads to data privacy
challenges. Federated learning enables collaborative learning without the exchange of raw data,
but only synchronises the model parameters with central cloud server support. Moreover, federated
learning decreases the calculation load on the central server and distributes the computations among
the participants. Therefore, the creation of novel distributed (e.g. federated architecture-based) ML
methods, that satisfy data privacy requirements is necessary.

Challenge 5: Most computationally intensive ML methods suffer from unexplainability. Highly
accurate, complex, deep learning-based ‘black-box’models are typically favoured over those that are
less accurate but more interpretable by natural conventional ML models, such as linear regression,
decision trees, and support vector machines. A major challenge is explaining the decisions of
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multi-agent systems, in which numerous ’black-box’ models are used together. These AI-based
’black-box’ models are often deemed non-trustworthy because they are susceptible to unexpected
errors; that is, they can be fooled in ways that humans cannot. Despite extensive studies having been
conducted in the past several years to design techniques to make AI methods more explainable,
interpretable, and transparent to developers and users, many open questions remain. Therefore,
further research should be conducted to novel explainability approaches for various data analysis
models and for different data processing architectures, as well as to investigate the combinations of
multiple explainability methods in data-driven applications.

Challenge 6: The application of state-of-the-art ML methods for solving real-world problems
in different domain scenarios remains topical and challenging. The increase in available data and
digitalisation in many domains has resulted in new problem statements in different applications.
Therefore, it is very important to propose and investigate alternatives, and to select an appropriate
model for each scenario. Special reference architectures should be developed for complex problems
that contain numerous stages, at which pipelines of different ML methods should be applied for
data processing.

E
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Effectiveness

Decentralised ML

Non-distributed 

centralised ML

Distributed ML

Fig. 1.2 Research directions

In summary, our purpose was to create novel, compu-
tationally intensive, explainable, and privacy-preserving
ML methods, to investigate the properties thereof, to pro-
pose novel distributed and decentralised ML methods for
prospective baselines, and to evaluate and apply these
in various domains. This thesis is divided into three re-
search directions, the contributions of which address the
aforementioned challenges (Figure 1.2).

• Non-distributed, centralised, computationally in-
tensive ML methods: We propose novel, computa-
tionally intensive ML methods, investigate their prop-
erties, describe ’black-box’ models with explainability methods, and apply these to real-world
problems.

• Decentralised ML methods: We propose novel decentralised ML methods, investigate the
synchronisation mechanisms of local models, apply these in cloud computing-enabled multi-
agent system architecture for the data processing step, and evaluate the findings using real-world
transportation scenarios.

• Distributed centralised ML methods: We investigate distributed ML methods for prospective
computationally intensive centralised baselines, propose algorithms for the parallel execution of
those methods, apply federated collaborative learning techniques to real-world problems with
privacy-sensitive data, and propose an explainable federated learning algorithm.
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1.1 Contribution and structure of thesis

Research and development in all underlying directions need to be conducted and the results must
be combined to achieve progress in data-driven future AI-based systems, as well as to advance
and create more sophisticated systems. ML-based data analysis is a pivotal area for the success of
AI-based systems. This thesis is based on the contribution made by 11 papers to the theoretical and
practical aspects of state-of-the-art and proposed ML methods (Figure 1.3). The recent contribu-
tions to each of the highlighted research directions are briefly categorised in this section and are
subsequently detailed in the following chapters.

bioinformatics, transportation

deep learning

Non-distributed

centralised
Decentralised Distributed centralised

Machine Learning methods

resampling, random forest, 
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change point estimation, 

classification, distribution

estimation

theoretical properties, 
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Methods
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Architecture

Applications

Fig. 1.3 My contribution areas

• Non-distributed, centralised, computationally intensive ML methods (Chapter 2); chal-
lenges: 1, 5, and 6:

– We introduce a novel resampling-based method for selecting the shortest itinerary and apply
this algorithm to model individual routing preferences in a cloud-based, distributed mobil-
ity network. We investigate the properties of the proposed algorithm and demonstrate its
advantages over other state-of-the-art methods.

– We present a novel resampling-based change-point estimation algorithm, investigate its prop-
erties, validate its results, and compare it with other state-of-the-art methods.

– We apply deep learning and random forest ML methods to small RNA metadata prediction to
solve a classification problem. We address the explainability challenge of the deep learning
model and propose a novel explainability algorithm to interpret the results of the considered
’black-box’ models.

• Decentralised ML methods (Chapter 3); challenges: 1, 3, 4, 5, and 6:

– We investigate the data processing step and connect it to the following decision-making steps
in the context of a multi-agent system architecture for an intelligent transportation system.
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– We create decentralised linear and kernel-based regression algorithms that facilitate collab-
oration among the multi-agent system participants. The synchronisation mechanism of the
models enables improved prediction accuracy of the individual agent models. We evaluate
this approach by solving a travel-time prediction problem.

– We investigate the explainability of AI-based models by analysing explanation generation
techniques to increase user satisfaction and trust in such systems. Thus, we propose the
explainability concept for AI-based decisions in multi-agent systems.

• Distributed centralised ML methods (Chapter 4); challenges 1, 2, 4, 5, and 6:

– We propose distributed parallel versions of several computationally intensive regression types
and demonstrate that their parallel cloud computing-based execution increases the speed of
those algorithms working with large datasets. We highlight the advantages of parallelisation
by conducting various goodness-of-fit, scalability, and speed-up experiments with real-world
datasets.

– We address the data privacy challenge for processing distributed data sources using federated
learning. This technique enables partner collaboration without the exchange of raw data,
but only parameters that improve the prediction accuracy of the individual models. We
propose a deep learning-based federated architecture for taxi travel-time prediction.Moreover,
we presente the explainable federated learning concept and investigate the corresponding
explainability algorithm.

1.2 Background and related work

In this section the state-of-the-art centralised, distributed and decentralised ML methods with the
main focus on their computational intensiveness, explainability, data privacy and application are
reviewed. These ML methods will be referenced afterwords in the next chapters.

1.2.1 Overview of ML methods

ML has a lengthy history, including classical simple linear regression, support vector ma-
chines, and decision trees, which remain popular even today owing to their simplicity and inter-
pretability. These methods have been successfully applied in various domains (e.g. transportation
[Chowdhury et al., 2017] and econometrics [Henderson and Parmeter, 2015]). With the develop-
ment of computational techniques, more sophisticated data-driven ML methods have started to
appear, such as non-parametric [Henderson and Parmeter, 2015], resampling, ensemble, and deep
learning methods. These methods are often ’black-box’ models that need to be explained, which
has led to the development of various explainability methods. In this subsection, we provide a brief
overview of the ML and explainability methods on which our contributions are based.
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Multivariare linear regression: The classical multivariate linear regression model and its well
known least squares estimator b of # are:

Y = X# + & ; b = (X)X)−1X)Y (1.1)

where Y is an = × 1 vector of dependent variables; # is an < × 1 vector of unknown parameters
of the system to be estimated; X is an = × < matrix of explanatory variables; & is an = × 1 vector
of random errors, {n8} are mutually independent, have zero expectation, � [&] = 0, and equal
variances, + [&] = f2I, where I is an = × = identity matrix. Note, that the calculation of b requires
information about complete matrix X.

For real-time streaming data the recurrent iterative method for the least squares estimator
[Albert, 1972, Andronov et al., 1991] is:

bC+1 = bC +KC+1(.C+1 − xC+1bC), C = 0, 1, . . . , (1.2)

where bC is the estimate after C first observations, .C+1 is the value of a dependent variable, and
xC+1 is the values of explanatory variables of the C + 1 observation; KC+1 is an < × 1 vector
of proportionality, smoothness, or compensation. KC+1 is calculated with an adaptive forecasting
method based on exponential smoothness [Andronov et al., 1991]. The forecasted value of the
dependent variable at the :-th future time moment is:

� (.: ) = x:b, (1.3)

where, x: is a vector of observed values of explanatory variables for the :th future time moment.
Non-parametric regression: This type of regression provides a versatile method for exploring a

general relationship between two variables. It can predict observations yet to be made without refer-
ence to a fixed parametric model and provides a tool for finding spurious observations by studying
the influence of isolated points.Moreover, thismethod constitutes the flexiblemethod of substitution
or interpolating between adjacent X-values for missing values [Henderson and Parmeter, 2015].

The formal representation of this regression model [Härdle et al., 2004] with a dependent vari-
able . and a vector of 3 regressors - is:

. = <(x) + n, (1.4)

where n is the disturbance term such that � (n |X = x) = 0 and +0A (n |X = x) = f2(x), and
<(x) = � (. |X = x). Further, let (X8, .8)=8=1 be the observations sampled from the distribution of
(X, . ). Then the Nadaraya-Watson kernel estimator is

<= (x) =

∑=
8=1  

(
x−X8
ℎ

)
.8∑=

8=1  
(

x−X8
ℎ

) =
?= (x)
@= (x)

=

?=−1(x) +  
(

x−X=
ℎ

)
.=

@=−1(x) +  
(

x−X=
ℎ

) , (1.5)

where  (•) is the kernel function of '3 and ℎ is the bandwidth. We considered a multi-dimensional
Gaussian kernel function (D) =  (D1, D2, . . . , D3) =  (D1) · (D2) · . . . · (D3). The kernel density
estimator has a simple recursive windowing method that allows the recursive estimation using the
kernel density estimator.
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Partial linear model: This is semi-parametric regression type [Härdle et al., 2004],
[Liang, 2006]. Currently, several efforts have been allocated to developing methods that reduce the
complexity of high dimensional regression problems [Henderson and Parmeter, 2015]. The models
allow easier interpretation of the effect of each variable and may be preferable to a completely
non-parametric model. These refer to the reduction of dimensionality and provide an allowance for
partly parametric modelling. Additionally, partial linear models are more flexible combining both
parametric and non-parametric components. The partial linear model is:

� (. |U,T) = U# + m(T),

where #?×1 is a finite dimensional vector of parameters of a linear regression part, <(·) is a smooth
function, and the explanatory variables X are split into two parts: linear part U, and nonparametric
part T. Economic theory or intuition should ideally guide the inclusion of the regressors in U or T,
respectively.

Resampling method: These methods assume an application of iterative calculations instead
of complex analytical models and statistical procedures by using available data in different com-
binations (resampling, sub-sampling, bootsrtep methods). The resulting solution is approximate;
however in many practical situations (too big or too small training datasets, complex and hierarchi-
cal structure of analysed system, dependency in data) this may give more robust and precise results
as conventional analytical methods or even provide a solution in the situations where conventional
methods fail. With the term computationally intensive ML we refer to such methods as sam-
pling [Thompson, 2012], resampling [James et al., 2021], bootstrap [Efron and Tibshirani, 1993]
[Davison and Hinkley, 1997], cross validation, kernel density based estimation etc. They showed
their efficiency for various applications in forecasting [Afanasyeva and Andronov, 2005,Wu, 1986],
clustering [Hinneburg and Gabriel, 2007], change-point analysis [Fiosina and Fiosins, 2011]. For
streaming data, computationally intensive methods provide data pre-processing by selection re-
samples of data and obtaining representative samples, which is the only reasonable way to analyse
the data [Leskovec et al., 2020]. Data filtering method based on targeted sequential resampling
and model mixtures of distributions using Markov chain Monte Carlo method was introduced in
[Manolopoulou et al., 2010].

Ensemble methods: These methods are based on the sub-sampling described above, but or-
ganised in more complex hierarchical archtecture. Very popular state-of-the-art ensemble methods
are random forest [Breiman, 2001] and extreme gradient boosting [Chen and Guestrin, 2016] (XG-
Boost), which are based on ensembling and resampling of decision are computationally intensive
and provide accurate predictions. Moreover, random forest outperforms other conventional classi-
fiers for very high-dimensional data [Breiman, 2001].

A random forest classifier requires lesser training data in comparison with the deep learning
classifier and allows the interpretation of features by generating variable importances. However, the
random forest classifier is sensitive to class imbalance [O’Brien and Ishwaran, 2019].

Deep learning: Deep-learning becomes very popular nowadays, because of the ability of con-
temporary computers to process quickly very complicated models. Deep learning is especially
computationally intensive method. It became especially popular during the past 10 years, with
the development of more powerful computers. In many supervised learning problems like fore-
casting and classification deep learning gives comparable results with such ensemble methods
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like random forest or XGBoost. Deep learning has introduced major advances for solving prob-
lems that have remained unsolved by the AI community for many years [LeCun et al., 2015]. It
is able to analyze big data and is robust enough to treat large amounts of noisy training data
[LeCun et al., 2015], [Xiao et al., 2015]. Its disadvantage is that, it requires large amounts of train-
ing data [Li et al., 2019c], is prone to overfit for small training sets and is difficult to biologically
interpret (feature importance) [Webb, 2018]. In [Kong and Yu, 2018] the random forest and deep
learning approaches were used in two stages. For the first stage, the random forest approach was
used to extract the most important features and then for the second stage, the deep learning approach
was implemented for gene expression data classification based on the selected features. Various
applications of deep learning in transportation were discussed in [Varghese et al., 2020].

Explainability methods: Conventional ML methods, such as linear regression, decision trees,
and support vector machine, are interpretable by nature. Typically, highly accurate complex deep
learning-based ’black-box’ models are favoured over less accurate but more interpretable con-
ventional ML models. These AI-based ’black box’ models are often deemed non-trustworthy
since they are susceptible to surprising errors, i.e. they can be fooled in ways humans cannot.
Extensive studies have been carried out in the past few years to design techniques to make AI
methods more explainable, interpretable, and transparent to developers and users. Post-Hoc meth-
ods try to explain the behaviour of ‘black box’ model (e.g. layer-wise relevance propagation
for deep learning [Bach et al., 2015, Montavon et al., 2017]; local interpretable model-agnostic
explanation [Molnar, 2019] application for Bayesian predictive models [Peltola, 2018] and for
convolutional neural network [Mishra et al., 2017], reversed time attention model of recurrent
neural networks [Choi et al., 2016]; ’black box’ explanations through transparent approximations
[Lakkaraju et al., 2017]). Ante-Hoc methods are conventional ML methods, which are already in-
terpretable from its nature, but often the accuracy of such approach is less: decision trees, linear
regression, random forest, generalized additive model.

Model-agnostic and model-specific explanation methods have been reported. Model-agnostic
methods, such as LIME [Ribeiro et al., 2016], Sharpley Values, are implementable for each model.
However, they require a large number of computations and often are not applicable for big datasets
used in deep learning [Molnar, 2019]. Sharpley values method was implemented in [Wang, 2019]
to interpret a vertical federated learning model.

Model-specific methods are more suitable for deep learning, which focus on only one type
of model and thus are more computationally effective, e.g., DeepLIFT [Shrikumar et al., 2017a],
[Ancona et al., 2018], Integrated Gradients [Sundararajan et al., 2017].

1.2.2 Distributed ML methods

Distributed data analysis and multi-agent systems: A large amount of contemporary generated
data in various domains requires proper processing and analysis. An application of the state-of-the-
art methods of distributed/decentralised ML methods as well as creation of novel more effective
approaches capable of processing distributed big data sources with data privacy restrictions is
required.
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In a case when data centralisation is available, accurate and computationally effective prediction
models can be developed, which addresses the big data challenge through smart ‘artificial’ parti-
tioning and parallelisation of data and computation within a cloud-based architecture or powerful
super computers [Fiosina and Fiosins, 2017]. Computationally intensive methods would seem ide-
ally suited to straightforwardly leveraging parallel and distributed computing architectures: one
might imagine using different processors or computing nodes to process different resamples inde-
pendently in parallel. ’The Bag of Little Bootstraps’ procedure [Kleiner et al., 2014] incorporates
features of both bootstrap and subsampling to yield a robust, computationally efficient means of
assessing the quality of estimators and can be successfully used for ensemble distributed learning
[de Viña and Martínez-Muñoz, 2018]. A ’Divide and conquer’ approach for distributed data anal-
yses [Chen et al., 2021, Chen, 2013] assumes to divide the data into a number of subsets, process
them in parallel and finally merge the results. This approach is especially useful, when datasets are
extraordinary large to be processes on a single computer.

Often, data should be physically and logically distributedwithout transmission of big information
volumes, without the need to store, manage, and process massive datasets in one location. This
approach enables a data analysis with smaller datasets. However, scaling it up requires novel
methods to efficiently support the coordinated creation and maintenance of decentralised data
models. Moreover, decentralised systems adapt quicker to situations in real time as well as some
nodes of the distributed system prefer rely mostly on their own local information and experience
making forecasting process more autonomous [Fiosins et al., 2011].

Specific distributed (e.g., federated learning) or even decentralised (e.g., multi-agent systems)
architectures should be applied to support the decentralised data analysis, which requires a co-
ordinated suite of individual local data models, including parameter/data exchange protocols and
synchronisation mechanisms [Hinkelmann et al., 2018] among the decentralised data models. Lo-
cal processing of distributed data sources often lead to less accurate local prediction models, in
which proper coordination and synchronisation algorithms should be investigated. Decentralised
coordinated methods outperform uncoordinated local ones and are compared to the centralised
approach taking accuracy as efficiency criterion [Fiosina et al., 2013a].

The decentralised data analyses based on data-driven multi-agent systems paradigm provides
a unified model addressing organizational aspects in application domains (such as ownership
and access to data)[Wooldridge, 2009], local processing and decision-making [Klusch et al., 2003,
da Silva et al., 2005, Khalil et al., 2015] as well as communication [Hinkelmann et al., 2018], co-
ordination, and cooperation between knowledge sources [Cao et al., 2009]. One key challenge in
multi-agent systems is to develop methods and protocols to analyze distributed data sources in
a cooperative way and to provide and communicate sufficient information for optimal decisions
[Freitas, 2002]. A very significant problem, which arises with parallel execution of separate data
models, is connected with future synchronization of these models and corresponding data ex-
change [Chen, 2013]. Decentralised and adaptive K-Means clustering for Non-independent and/or
non-identically distributed data was considered in [Soliman et al., 2020].

Federated learning: This is a distributedMLapproach after [Konecný et al., 2016] that proposes
to organize the inter-organizational collaborationwithout sharing the data but onlymodel parameters
[Yang et al., 2019].
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The advantages of this approach are: (i) no need to transmit the original data to the cloud; (ii) the
computational load is distributed among the participants, and (iii) distributedmodel synchronisation
ensures more data and more accurate models. However, the application of the federated approach
leads to a number of challenges connected with data homogeneity, partner trust and misbehavior
or systems reliability ([Bonawitz et al., 2019]).

Federated learning algorithms may use a central server that orchestrates the different steps of
the algorithm or they may be peer-to-peer, where no such central server exists.

Some parametric ML methods as support vector machine, linear regression, neural networks
can be naturally implemented for federated learning. In deep neural networks a lot of training data
is required, thus federated learning can help to gather distributed data keeping its privacy.

Federated learning relies on an iterative process broken down to a set of client–server interactions
referred to as round including transmitting the current global model state to participating nodes,
training local models on these local nodes to produce a set of potential model updates at each node,
and aggregating and processing these local updates into a single global update and applying it to
the global model.

We consider # data owners {�8}#8=1, who wish to train an ML model by consolidating their
respective data {�8}#8=1. A centralised approach uses all data together � = ∪#

8=1�8 to train a model
"Σ. A federated system is a learning process in which the data owners collaboratively train a model
"�� , where any data owner �8 does not expose its data �8 to others. In addition, the accuracy of
"�� , denoted as +�� , should be very close to the performance of "Σ, +Σ. Formally, we consider
X, a nonnegative real number; if |+�� −+Σ | < X, we can state that the federated learning algorithm
has X -accuracy loss [Yang et al., 2019]. Each row of the matrix �8 represents a sample, while each
column represents a feature. Some datasets may also contain label data. The feature - , label . ,
and sample IDs � constitute the complete training dataset (�,- ,. ). The feature and sample space of
the data parties may not be identical. We classify federated learning into horizontal, vertical, and
federated transfer learning based on the data distribution among various parties.

Distributed data analysis in transportation: The mentioned challenges are topical in
the transportation domain, in which the generation and processing of big data are necessary
[de la Torre et al., 2021]. Ubiquitous traffic sensors and the Internet of Things concept create a
world-wide network of interconnected uniquely addressable cooperating objects, which enable
exchange and sharing of information.

The multi-agent system based representation of transportation networks helps overcome the
limitations of centralised data analyses, which will enable autonomous vehicles to make better and
safer routing decisions [Fiosins et al., 2011] based on the current traffic state [Chlyah et al., 2016].
A combination of centralized and decentralized agent-based approaches to traffic control problems
was introduced in [Fiosins et al., 2016], where the agents maintain and share the ‘local weights’
for each link and turn, periodically exchanging this information with a central traffic information
center. There are several cloud or/and multi-agent based architectures for managing traffic networks
[Li et al., 2011, Wang, 2008, Lee et al., 2010]. A cloud-based architecture for decentralised big
transportation data analyses was proposed in [Fiosina et al., 2013a].

Travel-time estimation, as an important parameter of transportation networks, which accurate
prediction helps to reduce delays and transport delivery costs, improves reliability through better
selection of routes and increases the service quality of commercial delivery by bringing goods
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within the required time window [Büchel and Corman, 2020]. A centralized travel-time predic-
tion was considered in-vehicle route guidance and advanced traffic management systems (e.g.,
[Lin et al., 2005a]) or for each network link by kernel density estimator [Duan et al., 2019]. A de-
centralized travel-time forecasting using neural networks, in which travel-time is predicted for each
link of the network separately was considered in [Claes and Holvoet, 2011].

Often proper travel-time forecasting model needs a pre-processing step like data filtering and ag-
gregation. Travel-time aggregationmodels (non-parametric, semi-parametric) for decentralized data
clustering and corresponding coordination and parameter exchange algorithms were researched in
[Fiosina et al., 2013b]. Two decentralised regression models multivariate linear and kernel-density
based for travel-time prediction were proposed in [Fiosina, 2012] , [Fiosina and Fiosins, 2012].

The impact of incorporating decentralised data analysis methods into multi-agent-based appli-
cations in traffic and logistic domains has been assessed. Initial requirements and ideas for methods
of decentralised data analysis development in the transportation domain operating with big data
flows have been identified [Fiosina et al., 2013b]. An optimal route selection based on an analysis
of renewal processes has been investigated [Fiosina and Fiosins, 2014].

In the next sections, our contribution will be represented in more technical details.





Chapter 2

Computationally intensive ML methods for data analysis

Various state-of-the-art ML methods that assume central realisation are addressed in this chapter.
First, we focus on the application of deep learning and ensemble-based (e.g., random forest)
methods for solving bioinformatics problems. Moreover, the explainability of these methods is
investigated and corresponding algorithms are proposed. Second, we investigate the creation of
novel resampling-based ML methods, study their properties, and validate their results using real-
world data from the transportation domain.

2.1 Deep learning for data augmentation

Data annotations (tissue, age, sex, etc.) are crucial for the re-use of data. A detailed description of the
biological conditions in which data has been obtained is required to extract new information from
the obtained data. The data should be findable, accessible, interoperable, and reusable, which ulti-
mately facilitates knowledge discovery [Wilkinson et al., 2016]. Annotations are an essential part of
semantic data integration systems and allow for a deeper analysis of the data [Madan et al., 2018].
So far, metadata is often not stored together with the expression data and the available metadata
is often not normalized, and is unstructured and incomplete. The widely used GEO repository
[GEO, ], for example, stores annotations as a number of free-text description fields. This leads to
missing and/or inaccurate annotations and requires revisions and manual corrections by an expert
[Hadley et al., 2017].

To distinguish between biological conditions, different ML methods were applied.
In [Guo et al., 2017] and [Hadley et al., 2017], the sex in different micro ribonucleic acid (miRNA)
tissue samples was defined using differential expression analysis. In [Hadley et al., 2017], the
authors used differential expression analysis and analysis of variance to detect the sex differ-
ences in several tissues in miRNAs. In [Ellis et al., 2018], the age, sex, and tissue were predicted
from mRNA sequencing (mRNA-Seq) expression data using a regression-based approach. massiR
[Buckberry et al., 2014] is a method for sex prediction based on gene expression microarrays us-
ing clustering. Many studies use a random forest method for the classification of expression data,
particularly in disease diagnostics [Statnikov et al., 2008]. [Johnson et al., 2018] provides a good
overview of ML methods for expression data analysis.

Deep Learning and Random Forest-Based Augmentation of sRNA Expression Profiles,
J. Fiosina, M. Fiosins, S. Bonn, In. Proc. of the Int. Symposium on Bioinformatics Research
and Applications, LNCS, 11490, 159-170, Springer, 2019

In this study, we aim to predict the metadata based on deep-sequenced small RNAs’ (sRNAs’)
expression profiles by formulating this prediction as a classification problem. Small ribonucleic

15
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acids (sRNAs) are short (less then 200 nt), usually non-coding RNA molecules with many crucial
biological functions [Storz, 2002]. The basic rationale for this approach is that data with similar
sRNA expressions should have similar metadata. Based on this assumption, we hypothesize that
sRNA expression profiles contain enough information to predict the sRNA tissue and sex accurately.

In this study we investigate whether the deep learning-based data augmentation could be superior
to conventional ML approaches, such as random forest. The main hypothesis is that deep learning
classifier trained on sufficiently large data sets would generalise more efficiently to yet unseen
datasets. Whereas single unseen samples might be easy to learn, datasets usually contain a distinct
experimental bias that the model has not learnt a priori. We apply deep learning and random forest
models on human small RNA-seq datasets from the sRNA expression atlas (SEA, http://sea.ims.bio)
[Rahman et al., 2017], a database containing well-structured, manually curated, ontology-based
annotations of publicly available sRNA-Seq data. Every sample is semantically annotated and
analysed with the same workflow (OASIS [Rahman et al., 2018], https://oasis.dzne.de), increasing
data interoperability while reducing analysis bias.

We use 4243 annotated sRNA-Seq samples from the small RNA expression atlas (SEA) database
to train and test the augmentation performance (Figure 2.1). In general, the deep learning learner
outperforms the random forest method in almost all tested cases. The average cross-validated
prediction accuracy of the deep learning algorithm for tissues is 96.5% and for sex is 77%. The
average tissue prediction accuracy for a completely new dataset is 83.1% (deep learning) and 80.8%
(random forest).

Groups

Blood

Brain

Cornea

Embrionic

Epithelium

Gland

Intestine

Milk

Peritoneum

Placenta

Skeletal muscle

Urine

Model accuracy, tissue, 5 CV

Models

Tissue groups,

(class lim. 9)
Tissue groups,

(class lim. 15)

Tissue,

(class lim. 9)

Deep Learning

Random Forest

Fig. 2.1 tSNE distances for tissue group (left) and tissue classification (right)

Often such methods as random forest and deep learning give more accurate results as con-
ventional: linear regression, decision trees, vector support machine, which are interpretable by
nature. However, those methods are in-transparent black-box models. We propose a method for
interpetation of the results of the deep learning model towards data augmentation.
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Explainable Deep Learning for Augmentation of Small RNA Expression Profiles,
J. Fiosina, M. Fiosins, S. Bonn, Journal of Computational Biology 27 (2), 234-247, 2020.

In this study, we continue the previous problem statement and show that deep learning algorithms
outperform random forest-based data augmentation for age annotations using sRNA expression
profiles, if enough training data is available. More specifically, the deep learning method performs
better than the random forest method for cross-validation experiments as well as on "one dataset
out" experiments. The average cross-validated prediction accuracy of the deep learning algorithm
for age is 77.2%. Moreover, we have demonstrated how backpropagation can provide a biological
interpretation of relevant features for the deep learning classification of tissue, sex, and age.

To understand which sRNAs influence deep learning predictions, we employ backpropagation-
based feature importance scores using the DeepLIFT method [Shrikumar et al., 2017b], which
enable us to obtain information on biological relevance of small RNAs.

To biologically trace decisions of the deep learning model to the input features, we use DeepLift
scores. DeepLift [Shrikumar et al., 2017b] is an approach to assign importance scores, which
demonstrate how important the value of each particular input is for each particular output. The
scores are assigned according to a difference between a given input with some reference (neutral)
input. The DeepLift method overperforms other scoring methods [Shrikumar et al., 2017b]; thus,
it has been selected for our analysis. The DeepLift method calculates scores by backpropagating
the contributions of all neurons in the network to every feature of the input. Consequently, for
each sample 8, each input neuron 9 , and each output neuron : , a score �8, 9 ,: is calculated, which
represents an importance of an input 9 for the output : in the 8-th input sample (according to a
reference input).

We have provided a three-step explanation of our augmentation models. First, we use a heatmap
to visualize the DeepLift scores of an individual sample (Figure 2.2). This enabled us to understand,
which small RNAs are important for a particular prediction.

Second, we analyse important small RNAs for each class : . We select examples, which belonged
to the class : : H8 = : and calculate the average difference scores for the correct class and other
classes:

�1 9 ,: = 0E6H8=: (�8, 9 ,: − 0E6: ′≠:�8, 9 ,: ′).

Then, we select the top # small RNAs 9 according to �1 9 ,: for each class : .
Finally, we investigate the number of small RNAs to be removed (to set their expression to 0),

to change the classification results. For each sample 8 of class H8 = : and each class :′ ≠ : , we
calculate the score differences �28, 9 ,: ′ = �8, 9 ,H′ − �8, 9 ,: ′.

We order the differences �2(8, 9 , :′) in descending order and set the expression of small RNAs 9
one by one, setting their expression to 0. We stop the process when the classification changes from
: is :′ (similarity analysis) or to any other class :′′ (doing max 500 steps). We calculate average
values for each pair of classes. The obtained matrix demonstrates "stability" of class (or "class
similarity"), showing how many sRNAs should be removed to get from class : to class :′ ≠ :

(stability analysis). The corresponding average number of steps has been applied to a matrix, which
demonstrated "class stability" (or "class similarity").
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Fig. 2.2 DeepLIFT scores for tissue group (left) and sex (right) classification.

We demonstrate that DL models can be explained both for individual samples and on average
(Figure 2.2). we see some sRNAs clearly voting for the class (red) or against the class (blue).

2.2 Resampling-based integrated decision making

In this section, we create novel resampling-based methods, investigate their properties and apply in
transportation domain.

We consider a cloud-based traffic control and management system, in which cloud central agents
are assisting individual traffic agents in decisionmaking, taking into account common and individual
experience. The selection of the shortest itinerary, which requires route comparison on the basis of
historical data and dynamic observations for both central cloud and individual agents. Resampling
based algorithms can help at the data processing step, which results can be used afterwards for the
decision making.

Resampling based modelling of individual routing preferences in a distributed traffic
network. J. Fiosina, M. Fiosins, Int. Journal of Artificial Intelligence, 12 (1), 79-103, 2014.

This this study, we propose a cloud based architecture, in which we adapt theMarkov chain based
ranking algorithm [Negahban et al., 2012] for the ranking of routes and calculate the probability
distribution c0 over a set of the alternative routes ' of an agent.

In vehicle navigation routing engines do not customize results based on customer behavior. For
example, some users prefer the quickest route while some prefer direct routes. This is because in
vehicle navigation systems are traditionally embedded systems [Jin et al., 2020]. For example, dur-
ing different times of day or weather conditions, drivers may make different routing decisions such
as preferring or avoiding highways. In [Guo et al., 2020] the authors propose a leaning architecture
based on on-line and off-line part, which uses the similar architecture proposed in out paper using
neural networks.
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We consider a directed graph� = (+, �), where each edge {48}=8=1 ∈ � has an associated weight
{-8}=8=1 (e.g., travel-time), which are independent random variables with unknown distribution.
A route in the graph is a sequence of edges such that the next edge in the sequence starts from
the node, where the previous edge ends. Let {A1}1=1,2 be a set of routes. A route is defined as
A1 = {4:11 , 4:12 , . . . , 4:1=1 }, where (:

1
1 , :

1
2 , . . . , :

1
=1
) is a sequence of edge indices in the initial graph,

thus the route weight is (1 =
∑
8∈:1 -8.

The samples of edge weights are collected locally by each agent, so �0
8
= {�8,1, �8,2, . . . , �8,<0

8
}

is the 0-th agent sample of the weights of edge 8 = 1, 2, . . . , 2, 2 ≤ =. An (unknown) true cumulative
distribution function (cdf) of the sample �8 elements is denoted by �8 (G), 8 = 1, 2, . . . , 2, and the
elements of samples �0

8
for all 0 have the same distribution �8 (G), which means that all agents

observe the same system. Each samplemay correspond to one or several edges, because observations
of two similar edges collected in one sample or no observations about an edge are available and an
another edge sample is used instead.

During route selection process, an agent 0 performs pairwise comparisons of routes, so the
probability that the route 1 has bigger weight than the route 1′ is estimated: ?∗0

1,1′ = %
∗{(1 > (1′}.

Note that the estimates ?∗0
1,1′ are consistent estimators of true probabilities ?1,1′ = %{(1 > (1

′}
(lim<0

8
→∞ ?∗01,1′ = ?1,1′). We propose a resampling procedure to calculate ?∗0

1,1′.
We consider a procedure for a pairwise comparison of two non-overlapping routes. For simplicity

we consider only two routes:t 1 = 1 and 1′ = 2 and calculate the probability Θ = %{(1 > (2}.
Two cases are considered: (1) each edge has different samples, so only one element is extracted

from the sample �8; and (2) edges may correspond to common samples, including the common
samples for two routes.

We propose an #-step resampling procedure. At each step, we randomly without replacement
choose [1

8
+ [2

8
elements from each sample �8: [1

8
elements for route 1, and [2

8
elements for route

2: (8 = ([1
8
, [2
8
). Let �1

8
(;), |�1

8
(;) | = [1

8
be a set of element indices extracted from the sample

�8, for a route 1, 1 = 1, 2, during resampling step ;, 8 = 1, . . . , 2. Let X∗; =
⋃2
8=1{�8, 9 : 9 ∈

�1
8
(;)} ∪⋃2

8=1{−�8, 9 : 9 ∈ �2
8
(;)} be the ;-th resample of the edge weights for both routes, with the

weights of route 2 assumed to be negative. LetΨ(x) be an indicator function, where x = (G1, G2, . . .)
is a vector of real numbers: Ψ(x) is unity if

∑
8

G8 > 0; otherwise, it is zero.

The average ofΨ(X∗;) over all # steps is accepted as the resampling estimator of the probability
of interest:Θ∗ = 1

#

∑#
;=1Ψ(X∗;). The corresponding resampling-based route comparison procedure

is presented in Algorithm 1.

Algorithm 1: Function RESAMPLING COMPARE
Function RESAMPLING COMPARE�8 , [8 , 8 = 1, . . . , 2, #
foreach ; ∈ 1, . . . , # do

foreach 8 ∈ 1 . . . 2 do
-∗;
8
← 4GCA02C (�8 , [1

8
+ [2

8
)

-1∗;
8
← BD1B0<?;4(-∗;

8
, 1, [1

8
); -2∗;

8
← BD1B0<?;4(-∗;

8
, [1
8
+ 1, [2

8
)

X∗l =
⋃
-1∗;

8

⋃−-2∗;
8

; Θ; ← Ψ(X∗l)
Θ∗ ← 1

#

∑#
;=1Θ;

return Θ∗
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The function 4GCA02C (-, =) randomly chooses = elements without replacement from the set - .
The function BD1B0<?;4(-, 0, =) returns = elements from - , starting from position 0. These two
cases differ with the parameters of the 4GCA02C procedure.

The estimatorΘ∗ is obviously unbiased: � (Θ∗) = Θ, so we are interested in its variance. Consider
the elements extracted at two different steps ; ≠ ;′. Moreover, we denote: ` = � Ψ(X∗;), `2 =

� Ψ(X∗;)2, `11 = � Ψ(X∗;) · Ψ(X∗; ′), ; ≠ ;′. Then, the variance of the resampling estimator
Θ∗ is + (Θ∗) = � (Θ∗2) − `2 =

{ 1
#
`2 + #−1

#
`11

}
− `2, for the estimation of which we need

the mixed moment `11 depending on the resampling procedure. The analytical expressions for
the expectations and variances of the proposed estimators are derived, which allow theoretical
evaluation of the estimators’ quality. The experimental results demonstrate that the resampling
estimator is a suitable alternative to the parametric plug-in estimator. The inferences for the variance
of resampling estimator for both cases ’different samples for each edge’ (based on l-pairs notation)
and ’common samples for edges’ (based on U-pairs notation) [Fioshin, 2000], [Afanasyeva, 2005],
[Andronov et al., 2009] were proposed. The experiments for a special case of normal distribution
were conducted.

When, the agent decides about a route. It has a distribution c0, calculated by its individual agent
and receives a recommendation c0′ from the central cloud agent 0′. A decision idea is to create
a mix of distributions c0 and c0′. The agent uses a constant 0 ≤ U0 ≥ 1. The following two-step
procedure is used:

• A distribution c0 is selected with a probability U and a distribution c0′ with a probability 1− U;
• A route is selected according to the selected distribution.
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Fig. 2.3 Resampling (left) and plug-in (center) estimators: values (circles), true value (a dash-dot line), mean
(dashed line), deviation (dotted lines); MSE of the estimator for Θ = 0.5 (right)

The results show that resampling estimates of the probability of interest give reliable unbiased
forecasts with stable variance, while plug-in estimated are biased and their variance increases with
increasing the sample size, so the resampling method outperforms the plug-in for big sample sizes
(Figure 2.3, right, center). Comparing the mean squared errors of both estimators we can conclude
that resampling estimators are more effective than plug-in estimators for small sample sizes (Figure
2.3, left).
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2.3 Resampling-based change-point estimation

Change point analysis is an important part of data mining, which purpose is to determine if and
when a change in a data set has occurred. Online detection of change point is useful in modeling
and prediction of data sequence in application areas such as finance, biometrics [Gavit et al., 2009],
robotics [Aroor et al., 2018] and traffic control [Carslaw et al., 2006], cyber attacks in connected
vehicles [Comert et al., 2020], climate changes [Arif et al., 2017]. Distributed change-point detec-
tion algorithmswere discussed in [Tartakovsky and Kim, 2006]. Change-point analysis can be used:
1) for determining if changes in the process control led to changes in an output, 2) for solving a class
of problems, such as control, forecasting etc., and 3) trend change analysis [Gavit et al., 2009].

Traditional statistical approach to the problem of change-point detection is maximum likelihood
estimation. First, data model is constructed and the likelihood function for change point is derived.
Then, the estimator of change point is a result of the likelihood function minimization. This
approach requires knowledge of exact data model and its parameters as well as complex analytical
or numerical manipulations with likelihood function [Ferger, 2002]. In the case of small samples
this approach does not allow to choose the probability distributions correctly and properly estimate
their parameters and resampling approach is preferable.

One technique for detecting if and when a change-point (shift) has occurred is a cumula-
tive sum chart (CUSUM chart). A form of a CUSUM chart allows to see visually if there is a
change-point [Hinkley, 1971]. Currently a number of novel research works were conducted propos-
ing new algorithms based on CUSUM for change-point identification [Abbasi and Haq, 2019,
Otto and Breitung, 2020, Aroor et al., 2018].

A confidence level may be assigned for each detected change. It can be constructed using
bootstrap [Efron and Tibshirani, 1993] or our investigated resampling approach.

Resampling-based change point estimation, J. Fiosina, M. Fiosins, In. Proc. of Int. Sym-
posium on Intelligent Data Analysis, LNCS, 7014, 150-161, Springer, 2011.

The paper deals with bootstrap-based CUSUM change-point test [Gavit et al., 2009], slightly
modified and described in terms of resampling approach [Andronov and Merkuryev, 2000], which
allows more accurate analysis by estimating its theoretical properties. First, we derive analytical
formulas to estimate the efficiency of this technique by taking expectation and variance as efficiency
criteria. Second, we propose another simple resampling test, based on pairwise comparisons of
randomly selected data and estimate its efficiency.

Let X = {-1, -2, . . . , -=} be a sequence of random variables, which we divide into as X =

{X�,X�}. There exists a change point at a position : , if the variables X� = {-1, -2, . . . , -: } have a
distribution �� (G,Θ�), but the variables X� = {-:+1, -:+2, . . . , -=} have a distribution �� (G,Θ�),
Θ� ≠ Θ�. The aim of change point analysis is to estimate the value of : . We observe the case,
when the distributions �� (·) and �� (·) differ with a mean value.

For bootstrap-based CUSUM change-point test: first, a CUSUM chart is constructed, which
presents a difference between sample data and a mean. Then, if there is no change-points in mean
of sample data, the CUSUM chart will be relatively flat. Alternatively in the case of change-point
existence, there will be obvious minimum or maximum in CUSUM chart. (Figure 2.4).
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The cumulative sum (8 at each data point 8 is: (8 =
∑8
9=1(-8 − -̄), where 8 = 1, 2 . . . =, -8 is

the current value, and -̄ is the mean. A CUSUM chart starts at zero ((0 = 0) and always ends at
zero ((= = 0). Increasing (decreasing) of the CUSUM chart means that the data -8 are permanently
greater (smaller) than the sample mean.

A change in the direction of CUSUM chart allows to spread about the change-point in the mean.
Figure 2.4 presents an example of initial sample (left) and corresponding

CUSUMs (right); a bold line represents CUSUMs calculated on initial sample, dotted lines -
CUSUMs on bootstrapped data. An initial CUSUM chart well detects a change point at : = 10.

Fig. 2.4 Sample data (left) and sample CUSUM chart (right)

For each change it is possible to calculate a confidence level using bootstrapping of initial
data, which are randomly permuted. # bootstraps are produced with the sample data set. For each
bootstrapped data set we construct CUSUMs (∗(A) and estimate its range, so for the A-th bootstrap
iteration Δ(∗(A) = max8{(∗8 (A)} −min8{(∗8 (A)}, 8 = 1, 2, . . . , =.

The final step in determining of the confidence level is to calculate the percentage of times
that the range for the original CUSUM data Δ( = max8{(8} − min8{(8} exceeds the range for the
bootstrapped CUSUM data Δ(∗(A), A = 1, 2 . . . # . Thus, we need to build an empirical cumulative
distribution function of bootstrap ranges Δ(∗(A), as

�̂Δ(∗ (G) =
#{Δ(∗(A) ≤ G}

#
=

1
#

#∑
A=1

1{Δ(∗ (A)≤G} . (2.1)

Let �0 be a hypothesis about no change-point in data against the alternative �1. It is appropriate
to set a predetermined confidence level W, beyond which a change is considered significant.

Then using the cdf �̂Δ(∗ (G) (2.1) we construct a bootstrap approximation of a confidence interval
for Δ(: [�̂−1

Δ(∗ (
1−W

2 ); �̂
−1
Δ(∗ (

1+W
2 )], where �̂

−1
Δ(∗ (W) is the quantile of the distribution �̂Δ(∗ of the level

W. If the interval does not cover the value Δ(, thus initial and bootstrapped data significantly differ,
and we reject �0.

CUSUM test interpretation as a resampling [Andronov and Merkuryev, 2000] test allows to
derive some its properties and estimate the efficiency on the base of expectation and variance of
the estimator.
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We consider a test for a change at a point : under �0. We deal with values of CUSUMs instead
of the ranges.

We produce # iterations of resampling procedure. At A-th iteration, we extract, without replace-
ment, : elements from the sample X, forming the resample {-∗A1 , -

∗A
2 , . . . , -

∗A
:
} and construct the

CUSUM estimator for the point :: (∗
:
(A) = ∑:

8=1(-∗A8 − -̄) =
∑:
8=1 -

∗A
8
− : -̄ , where -̄ is an average

over the sample X.
After # such realizations we obtain a sequence (∗

:
(1), (∗

:
(2), . . . , (∗

:
(#) and calculate the

resampling estimator �∗
:
(G) of the distribution function of bootstrapped CUSUMS as �∗

:
(G) =

1
#

∑#
A=1 1{(∗

:
(A)≤G} and find the expressions for its expectation and variance.

Further we propose an alternative resampling change-point test. Let us test a point : . The idea
behind this method is based of the consideration of the probability %{- ≤ . }, where random
variable - is taken randomly from the subsample X� and random variable . from the subsample
X�. If the samples X� and X� are from one distribution, this probability should be equal to 0.5.
However, for our test we scale this value by multiplying to the difference H − G in the case when
G ≤ H and thus, our characteristic of interest is:Ψ(G, H) = �{G<H} · (H − G).

Then we produce # realizations of the following resampling procedure. On A-th realization we
extract one value -∗A from the sample X� and one value . ∗A from the sample X�, compare them
and calculate the value ofΨ(G, H). Thus, the resampling estimator is an average over all realizations
of Ψ(G, H):Θ∗ = 1

#

∑#
A=1Ψ(-∗A , . ∗A).

Such statistical properties as the expectation and variance of this estimators were also derived
in the paper.

Numerical experiments show that the CUSUM test detects change-point very well; however, it
may consider as a change-point some point, which is not one. In opposite, the pairwise test is more
reliable in the case of a change-point absence; however, it can miss some change-point.





Chapter 3

Decentralised data analysis

Multi-agent systems generally represent a complex system that consists of autonomous inter-
acting components. Such systems are usually characterised by big data, which are represented
by large volumes of distributed data from various sources. One key challenge in multi-agent
systems is the capability of the agents to process such distributed data to provide sufficient in-
formation for optimal decisions [Zargayouna, 2019]. Big data processing and mining provides
an algorithmic solution for data analysis in a distributed manner to detect the hidden pat-
terns in data and to extract the knowledge that is necessary [Galakatos et al., 2018] for decen-
tralised decision-making [Ponomarev and Voronkov, 2017], [Symeonidis and Mitkas, 2005]. Data
processing methods improve the agent intelligence and the performance of multi-agent systems
[Rao1 et al., 2010, da Silva et al., 2005], which involve proactive and autonomous agents that per-
ceive their environment, dynamically reason out actions based on the environment, and interact
with one another. Furthermore, the coupling of multi-agent systems with data processing meth-
ods can be described in terms of ubiquitous intelligence [Cao et al., 2009], with the aim of fully
embedding information processing into everyday life. In [Klusch et al., 2003], it was concluded
that autonomous data mining agents, as a special type of information agents, may perform various
mining operations on behalf of other user(s) or in collaboration with other agents.

In the following, we describe how the prediction and clustering problems of each individual agent
can be solved collaboratively with higher accuracy using decentralised data analysis. Furthermore,
we propose corresponding distributed (without central authority) ML methods and evaluate their
performance on real-world data from the transportation domain.

3.1 Cooperative data analysis for data-driven agent-based cloud computing

Agent-based cloud computing is a paradigm that identifies several common problems and
provides several benefits by the synergy between multi-agent systems and cloud computing
[Shengdong et al., 2019]. Cloud computing is mainly focused on the efficient use of computing
infrastructure through reduced cost, service delivery, data storage, scalable virtualization tech-
niques, and energy efficiency. In contrast, multi-object systems are focused on intelligent aspects of
agent interaction and their use in developing complex applications. In particular, cloud computing
can offer a very powerful, reliable, predictable and scalable computing infrastructure for the execu-
tion of multi-agent systems by implementing complex, agent-based applications for modelling and
simulation. Also, software agents can be used as basic components for implementing intelligence
in clouds, making them more adaptive, flexible, and autonomic in resource management, service
provisioning and large scale application executions [Talia, 2011].

25
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Mining the traffic cloud: Data analysis and optimization strategies for cloud-based
cooperative mobility management, J. Fiosina, M. Fiosins, J.P. Müller, In. Proc. of the Int.
Symposium on Management Intelligent Systems, AISC, 220, 25-32, Springer, 2013

In contemporary intelligent transport systems, modeling and forecasting of traffic flows is one
of the important techniques that need to be developed [Bazzan and Klügl, 2013]. It is an example
of a complex stochastic system, in which many different factors should be estimated. Due to the
limitations of centralised approach, decentralised multi-agent systems with autonomous agents
allow vehicles to make decisions autonomously, which is fundamentally important for the repre-
sentation of these networks [Zargayouna, 2019]. We demonstrate the advantages of decentralized
architecture focusing on forecasting and clustering problems. We consider sample architecture
of a cloud-based intelligent transport system, representing synergy of multi-agent systems, cloud
computing and complex stochastic applications and explain the main data flows that appear there.
We show as well how the data flows can be processed using data processing methods and provide
sufficient information for fulfilling the user requests. The applications executed in the cloud are
data-intensive. Therefore, services provided through the cloud require large amounts of data to
be processed, aggregated, and analysed. Then, the processed data is used for calculating optimal
strategies for traffic participants.

As computation is a bottleneck in cloud computing, a reasonable processing balance between
local data sources (clients) and a cloud is required that depends on the client computation power.
We consider reference architecture for data processing and decision-making stages in an intelli-
gent transport system 3.1, previously proposed in our another contribution [Fiosina et al., 2013c],
focusing on illustrating data flows and their processing as well as using results for optimization of
participant strategies and fulfilling their requests.

Arti cial network

ad-hoc models

network

Data storage

Virtual users

(Internet of Things)

strategy 

pre-planning

strategy 

execution

Applications

Fig. 3.1 Reference architecture of data processing and decision-making states in intelligent transport system
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Usually many clouds from different providers are available. Some of the problems can be similar
to them, and cooperation between them is possible. This problem will be addressed in the next
chapter by federated learning.

The users of the intelligent transport systems are permanently connected to the cloud. This allows
creating a virtual representation of each user in terms of Internet-of-Things and having in the cloud
dynamic sensor data, associated with them (pre-processed or raw). This creates a network of virtual
users, which in fact is a mirror of reality in the cloud. This virtual reality contains distributed user
data (partly stored in user devices, partly in the virtual storages provided by the cloud, but still
associated with users).

On the first stage data should be pre-processed. Raw sensor data requires very much storage
space and cannot be stored for a long time. This data can be processed locally or upload to the
cloud and pre-processed there. The results of the pre-processing are stored in the user profile and
can be uploaded to the cloud at this stage.

The next stage is to organize the virtual cloud information storages. This is made by cloud
data mining agents, which collect the information, partially copying it to the storages in the cloud,
partially making references to the user profiles, if they are available in the cloud. These agents put
special attention to cost of the information, which includes its availability, reliability and precision.
These virtual storages are subject of further big data processing and mining.

Cloud-based systems have a big number of users, and should fast react to their requests. For
this purpose artificial ad-hoc networks are created, which are oriented to concrete problems, solved
by the cloud system. For example, the networks oriented to shortest path calculation, traffic light
regulation or passenger transit can be created. Two important problems are solved in the virtual
network: estimation of its parameters and pre-calculation of user strategies.

Three sample scenarios are discussed regarding the proposed architecture and the most impor-
tant stages of data processing, mining, and optimisation: 1) A cooperative intersection control,
which optimizes vehicle flows in traffic networks by regulating the intersection controllers. 2) A
personal travel companion, which provides dynamic planning and monitoring of multi-modal jour-
ney to travellers surface vehicle drivers, and transport operators. 3) A logistic services companion,
which provides benefits to clients and stakeholders involved in, affected by, or dependent on the
transportation of goods in urban environments.

In the Section 3.2 and 3.3 the corresponding decentralised clustering and regression methods
are proposed.

3.2 Decentralised regression methods

In this section we consider a data processing step of a conceptual cloud-based architecture of traffic
management system (Section 3.1). Distributed regression model with a fusion center for sensor
networks was considered in [Gispan et al., 2017], but we focus on a decentralised scenario.
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Decentralised Regression Model for Intelligent Forecasting in Multi-agent Traffic Net-
works, J. Fiosina, In Proc. of the Int. Conf. on Distributed Computing and Artificial Intelli-
gence, AINCS, 151, 255-263, Springer, 2012.

In the following we propose a decentralised multivariate linear ML method, which uses resam-
pling approach for its parameter synchronisation procedure.

We consider a traffic network with several vehicles, represented as autonomous agents, which
predict their travel-time on the basis of their current observations and history. Each agent locally es-
timates the parameters of the same traffic network. In order to make a forecast, each agent constructs
a regression model, which explains the manner in which different explanatory variables (factors)
influence the travel-time. A detailed overview of such factors is provided in [Lin et al., 2005b]. The
following information is important for predicting the travel-time [McKnight et al., 2004]: average
speed before the current segment, number of stops, number of left turns, number of traffic lights,
average travel-time estimated by traffic management centres. We should also take into account the
possibility of an accident, network overload ("rush hour") and weather conditions.

We consider a vehicle, whose goal is to drive through the defined road segment under specific
environment conditions (day, time, city district, weather, etc.). Let us suppose, that it has no or
little experience of driving in such conditions. For accurate travel-time estimation, it contacts other
traffic participants, which send their estimated parameters to it. The forecasting procedure of one
such vehicle is shown in Fig. 3.2.

Fig. 3.2 Algorithm for local travel-time predic-
tion by an individual agent

We describe the formal model, which is incorpo-
rated into each agent’s local data processing mod-
ule. We introduce a notation for the local regression
model of each of the B agents in the network. We
use index (8, C) for the variables in formula (1.1), to
refer to agent 8 at time C: Y(8, C) = X(8, C)# + & (8, C),
8 = 1, . . . , B.

Following (1.2), agent 8 calculates the estimates
b(8, C) of # and predicts the travel-time � [. (8, C+1)]
for the future time moment C + 1, using (1.3).

Prior to forecasting, some agents may adjust their
locally estimated parameters with other traffic par-
ticipants. Let us describe this adjustment procedure
more precisely.

First, the agent selects the other agents from a given transmission radius, contacts them, and
requests them to send their estimated parameters. The agents can be in different situations and
their observation may contain outliers. In order to make the adjustment procedure more reliable and
robust to outliers, the agent performs the described selection several times in different combinations,
forming so-called resamples from the available agents [Afanasyeva and Andronov, 2006].

We implement # realisations of the following resampling procedure for agent 8. At the realisation
@, the agent receives the parameter estimates of A randomly chosen neighbour agents. Let vector
L@
8
contain the indices of the selected agents, |L@

8
| = A.
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The next step is the adjustment of the parameters. The agent that initialised the adjustment
process considers the weighted estimates of other agents. The weights are time-varying and show
the reliability level of each agent, depending on its forecasting experience as well as some other
factors. Let c∗@

8
(C) be a 1 × A vector of the weights at the @-th realization at time C, 8 = 1, . . . , B,

which is a stochastic vector for all C.
Thus, the resampling estimator is an average over all realisations:

b' (8, C + 1) = 1
#

#∑
@=1

A∑
9=1
2
∗@
8, 9
(C)b(L@

8, 9
, C).

The algorithm is a combination of the iterative least squares estimator algorithm and resampling-
based parameter adjustment. This adjustment procedure aims to increase the reliability of the
estimates, especially for insufficient or missing historical data, and to contribute to the overall
estimation accuracy [Stankovic et al., 2009].

Var. Description Mod. Koef. Est.value
. travel-time (min) . - -
-1 route length (km); -1 11 .614
-2 avg. speed in system (km/h) -2 12 -.065
-3 avg. number of stops (units/min) -2

3 13 .09
-4 congestion level (veh/h)

√
-4 14 .159

-5 traffic lights in the route (units); -2
5 15 .241

-6 travel-time (units); -2
6 16 -.058

Table 3.1 Factors and corresponding regression pa-
rameters

Case '2, '2

whole system worth agent
Centralised 0.66 -
Local 0.55 0.28
Coordinated 0.64 0.58
Table 3.2 Efficiency criteria '2

We simulate a traffic network of the southern part of Hanover (Germany). Vehicles solve a travel-
time prediction problem. They receive information about the centrally estimated system variables
for this city district from trafficmanagement centre, combine it with their historical information, and
make adjustments according to the information of other participants using the proposed consensus
algorithm. The prediction influencing factors are listed in table 3.1. To improve the quality of the
regression model, some non-linear transformations of the factors are performed. We simulated
ten agents and trained them on the observations taken from the available dataset on size 1790.
We compared the results for three cases using analysis of variance and adjusted coefficient of
determination, '2 (Table 3.2). The results show that agent coordination significantly improves the
prediction results and tends to the accuracy of centralised approach.

Cooperative kernel-based forecasting in decentralized multi-agent systems for urban
traffic networks, J. Fiosina, M. Fiosins, In Proc. of the Workshop on Ubiquitous Data
Mining, ECAI 2012, CEUR Workshop Proc.,vol. 960, 3-7, 2012

In this contribution we propose a novel decentralised kernel-density based regression and intro-
duce individual models’ collaboration algorithm.We use the same problem statement as in previous
study, but used kernel based regression 1.4 instead of linear.
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This method allows agent cooperation for sharing their prediction experience. We take into
account twomain facts. The nodes should coordinate their prediction experience over some previous
sampling period and adapt quickly to the changes in the streaming data, without waiting for the
next coordination action. Let us first discuss the cooperation technique. We introduce the following
definitions.

Let L = {! 9 | 1 ≤ 9 ≤ ?} be a group of ? agents. Each agent ! 9 ∈ L has a local dataset
� 9 = {(X 9

2 , .
9
2 ) | 2 = 1. . . . , # 9 }, where X 9

2 is a 3-dimensional vector. In order to underline the
dependence of the prediction function (1.5) from the local dataset of agent ! 9 , we denote the
prediction function by < [� 9 ] (x).

Consider a case when some agent !8 is not able to forecast for some 3-dimensional future data
point X8

=4F because it does not have sufficient data in the neighbourhood of X8
=4F. In this case, it

sends a request to other traffic participants in its transmission radius by sending the data point X8
=4F

to them. Each agent ! 9 that has received the request tries to predict< [� 9 ] (X8
=4F). If it is successful,

it replies to agent !8 by sending its best data representatives �̂ ( 9 ,8) from the neighbourhood of the
requested point X8

=4F. Let us define �8 ⊂ !, a group of agents, which are able to reply to agent !8
by sending the requested data.

To select the best data representatives, each agent ! 9 makes a ranking among its dataset � 9 .
It can be seen from (1.5) that each . 92 is taken with the weight F 9

2 with respect to X8
=4F, where

F
9
2 =

 

(
X8=4F−X 92

ℎ

)
∑=
;=1  

(
X8=4F−X 9

;
ℎ

) . The observations with maximum weights F 9
2 are the best candidates for

sharing the experience.
All the data �̂ ( 9 ,8) , ! 9 ∈ �8 received by agent !8 should be verified, and duplicated data should

be removed. We denote the new dataset of agent !8 as �8=4F =
⋃
! 9∈�8 �̂

( 9 ,8) . Then, the kernel
function of agent !8 is updated taking into account the additive nature of this function:

< [�8=4F] (x) =
∑
! 9∈�8

< [�̂ ( 9 ,8)] (x) + < [�8] (x).

Finally, agent !8 can autonomously make its forecast as < [�8=4F] (X8
=4F) for X8

=4F.
We simulate the same traffic network from previous subsection. We predict travel-time, based on

the same factors. We simulate 20 agents having their initial experience represented by a dataset of
size 20 till each agent made 100 predictions, thus making their common experience equal to 2400.
We assume the maximal number of transmitted observations from a single agent equals 2.

During the simulation, to predict more accurately, the agents use the presented cooperative
learning algorithm that supports the communication between agents with the objective of improving
the prediction quality. The necessary number of communications depends on the value of the
smoothing parameter ℎ. The average number of necessary communications is given in Figure 3.3
(left). We can see the manner in which the number of communications decreases with the learning
time. We vary ℎ and obtained the relation between the communication numbers and ℎ as a curve.
The prediction ability of one of the agents is presented at Figure 3.3 (right). Here, we can also see
the relative prediction error, which decreases with time. The predictions that used communication
between agents are denoted by solid triangles, and the number of such predictions also decreases
with the time. This proofs the efficiency of our proposed learning procedure.
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Fig. 3.3 Average number of communications over time for different ℎ (left). Relative prediction error and
communication frequency of a single agent over time (right).

Fig. 3.4 '2 goodness-of-fit measure using cross-validation for the whole system for different ℎ with its
average (left) and distribution (right).

The goodness-of-fit of the system has been estimated using a cross-validation technique. We
assume that each agent has its own training set, but it uses all observations of other agents as a test set,
so we use 20-fold cross-validation. To estimate the goodness of fit, we use analysis of variance and
generalized coefficient of determination '2 that provides an accurate measure of the effectiveness of
the prediction of future outcomes by using the non-parametricmodel [Racine, 1997]. The calculated
'2 values and the corresponding number of the observations that could nor be properly predicted
by the individual agents depending on ℎ are listed in Figure 3.4 (left). We take into account that
the cooperation on the testing step is not assumed. In Figure 3.4 (right) we can also see how '2 is
distributed among the system agents. The results suggest that we should find some trade-off between
system accuracy (presented by '2) and the number of necessary communications (presented by
the percentage of not predicted observations), which depend on ℎ. The point of trade-off should
depend on the communication and accuracy costs.

A linear regression model from the previous section applied to the same data gives lower average
goodness of fit '2=0.77, however, predictions can be calculated for all data points.
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Big data processing and mining for next generation intelligent transportation
systems, J. Fiosina, M. Fiosins, J.P. Müller, Jurnal Teknologi 63 (3), 2013

This contribution summarizes the decentralised cooperative approach for distributed traffic
networks. The proposed linear and kernel-based cooperative algorithms are compared with the
same experimental settings for different data processing architectures: centralised, uncoordinated,
coordinated. The experimental results show that an aggregated "oracle" approach would outperform
the both models, if the best model for each observation forecast is selected properly.
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Fig. 3.5 Average forecasting errors using the kernel (KD), linear and combined approaches (left) andAverage
forecasting errors and goodness-of-fit criteria for the different forecasting models (right).

3.3 Explainable multi-agent systems

Explainability is another important aspect for decision-making in multi-agent environment.

AI for explaining decisions in multi-agent environments. S. Kraus, A. Azaria, J. Fiosina,
M. Greve, N. Hazon, L. M. Kolbe, T. Lembcke, J. P. Müller, S. Schleibaum, and M. Vollrath.
In the 34th AAAI Conference on AI (AAAI 2020), New York, USA, February 7-12, 2020,
34(09), pages 13534–13538, AAAI Press, 2020

We propose a novel research direction: explainable decisions in multi-agent environment. This
direction formalises the process of system’s explanation generation. One of the considered aspects
is an explanation provided by combination of various ML methods.

Explanation is necessary for human to understand and accept decisions made by an AI system
especially in multi-agent systems when the systems’goals depend on other agents’ preferences. In
such situations, explanations should aim to increase user satisfaction, taking into account the sys-
tem’s decision, the user’s and the other agents’ preferences, the environment settings and properties
such as fairness, envy and privacy. Generating explanations that will increase user satisfaction
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is very challenging; to this end, we proposed a new research direction: Explainable decisions in
Multi-agent Environments.

Explanation generation The development of AI-based tools that provide the right explanations
to the right users at the right time to increase user satisfaction in multi-agent systems is very
challenging. We investigate efficient algorithms for generation of explanations, preferably in real
time. We propose a two stage procedure: first, a set of possible explanations will be created
and then the one that best suits the specific user at the specific settings will be selected. Both
stages can be done using ML or any other decision-making procedures based on real user input.
If the AI decision is made using neural networks (e.g., [Rosemarin et al., 2019, Li et al., 2019b])
then explainable AI methods can be used to identify important features that led to the decision
[Shrikumar et al., 2017b, Bach et al., 2015]. These methods should be adapted to the problems
related to Explainable decisions in Multi-agent Environments [Lee, 2019, Selvaraju et al., 2017].

User Modeling User satisfaction from an explanation of a given decision strongly depends on
the actual decision, the other agents, the environment and the user’s beliefs. Thus collecting data on
the influence of an explanation on the user’s satisfaction must be done in the context of the specific
decision it explains and the environment setting. Data collection can be done either using fictitious
decisions, their explanations and the multi-agent system environment setting or, much harder to
accomplish, in actual settings or at least in simulations. The users can express their preferences on
how much they like the explanations. We can use this data to build a generalized model of users’
preferences toward explanations. However, this model will not provide us with the explanations
that increase the user’s satisfaction. Here we will need to let the user express his or her level of
satisfaction from a given decision with different variants of explanations and without explanations,
and try to build a model that measures the users’ satisfaction from the decision.

Interactive Explanations When the AI system interacts repeatedly with the same users, the
learning phase of the preferences and satisfaction models can be personalized, but more impor-
tantly the explanation generated should take long-term satisfaction into consideration. Further-
more, we propose to consider, when interacting with the user, using reinforcement learning to
improve the user’s model of overtime in a guided way. Recently, there have been a few attempts
to consider models for interactive explanations to explainable AI [Madumal et al., 2018] and to
value-based agents [Liao et al., 2021], but no system was developed. Interactive explanations can
be viewed as argumentation dialogues. It was shown to be beneficial to model the interaction as
a partially observable Markov decision process where the uncertainty is about the user’s beliefs
[Rosenfeld and Kraus, 2016]. Using this approach for explainable decisions in multi-agent envi-
ronments there is a need to continuously estimate the user’s beliefs and sentiment toward the AI
system’s decision, and to predict how a given explanation statement will modify the user’s beliefs
and influence its attitude toward the decision.

The system explanation requirement are often dependent on the user preferences. So the individ-
ual preferences could be taken in account and then individually explained to the users depending
on its importance.





Chapter 4

Distributed centralised data analysis

Most current ML methods need to analyse large datasets. As the demand for processing training
data has outpaced the increase in the computational power of computing machinery, it is necessary
to distribute the ML workload across multiple machines and to transform the centralisation into a
distributed system. These distributed systems exhibit new challenges, mainly in terms of the efficient
parallelisation of the training process and the creation of a coherentmodel [Verbraeken et al., 2020].
Cloud computing technologies can be successfully applied to parallelise standard data processing
techniques for more feasible working with massive amounts of data. For this purpose, standard
algorithms often need to be redesigned for parallel environments to distribute the computations
among multiple nodes. One such approach is the use of the MapReduce paradigm. Another means
of reducing the computational load of a central data processing server is to use a federated learning
approach, which distributes the computations among multiple data owners. However, the main goal
of federated learning is to address the data privacy challenge by not sharing the raw data of each
participant, and only sharing their model parameters.

4.1 Distributed regression for big data forecasting

Distributed Non-parametric and Semi-parametric Regression on SPARK for Big Data
Forecasting. J. Fiosina, M. Fiosins, Applied Computational Intelligence and Soft Comput-
ing, 2017.

In this study, we present distributed parallel versions of some nonparametric and semi-parametric
regression models. The forecasting accuracy of the proposed algorithms is compared with the
linear, which is the only forecasting model currently having parallel distributed realization within
the SPARK framework to address big data problems.

Recently, a new and efficient framework called Apache SPARK 1 was introduces, which al-
lows efficient execution of distributed jobs and therefore is very promising for big data analy-
sis problems. There exist also alternative parallelisation approach as Message Passing Interface
[Michailidis and Margaritis, 2013], however, we concentrate on SPARK because of its speed, sim-
plicity, and scalability [Fernández et al., 2014]. We use MapReduce paradigm and describe the
algorithms in terms of SPARK data structures to parallelize the calculations.

We consider regression-based forecasting for data with nonlinear structure, which is common
in real-world datasets [Li et al., 2019a]. Nonparametric and semiparametric regression methods
[Henderson and Parmeter, 2015], [Härdle et al., 2004] do not require linearity and are more robust
to outliers. The downside of those methods however, is that they are very time-consuming, and

1 https://spark.apache.org/

35
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therefore the term "big data" for such methods starts much earlier than with parametric approaches.
Contemporary nonparallel realizations are not capable of processing all the available data. This
requires parallel computation of those methods. There are some approaches to parallelise such
models using R add.on packages, MPI [Helwig, 2014], we, however, address Apache SPARK
MLlib, which is a promising tool for the efficient realisation of different ML and data mining
algorithms [Meng et al., 2016].

The contribution of this study is (i) to design novel distributed parallel kernel density regression
and partial linear regression algorithm over the SPARK MapReduce paradigm (Fig. 4.1 (left)) and
(ii) to validate that algorithms, analyzing their accuracy, scalability, and speed-up by means of
numerical experiments.

An algorithm for the estimation of partial linear model was proposed in [Härdle, 2002], which
is based on the likelihood estimator and known as generalised Speckmann [Speckman, 1988]
estimator.We reformulated this algorithm (Fig. 4.1 (right)) in terms of functions and data structures,
which can be easily parallelizable.

Fig. 4.1 SPARK distributed architecture (left). Partial linear model estimation algorithm, training set:
[Y,U,T], test set [Y′,U′,T′] (right).

Taking Hadoop and SPARK distributed architectures and the algorithm from Figure 4.1 into
account we developed our distributed partial linear regression algorithm, which assumes parallel
executions on several processing nodes for training and forecasting (Figure 4.2).

Kernel-density parallelization can be consider as a special case of partial linear model with
missing linear part. To evaluate the performance of the propose solution, we used several datasets,
which characteristics are summarized in Table 4.1.

We compare the goodness-of-fit metric ('2) varying the size of training set (Figure 4.3). For all
the datasets, (non)semi-parametric models show more accurate results. Kernel regression experi-
ences problem with increasing the dimensionality, because it is difficult to find the points in the
neighborhood of the specific point in big dimensions. It could be a reason, why semi-parametric
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Fig. 4.2 Partial linear model training (left) and forecasting (right), where RDDs are SPARK distributed
memory abstractions.

Dataset Number of records Number of factors
Synthetic data: H = 0.5G1 + G2B8=(G2) + n 10,000 2
Hanover traffic data 6,500 7
Airlines delays data2 120,000,000 (we used 13,000) 29+22(10)

Table 4.1 Characteristics of the datasets.

models showed more accurate results. We compare the speed (execution time) in the scalability

Fig. 4.3 Forecasting quality of regression models for airline data (left) and traffic data (right).
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Fig. 4.4 Execution time dependence on training set size for airlines data (left); PLM algorithm execution
time depending on the number of processing cores for traffic data (right).

experiments varying the size of training and test set (Figure 4.4 (left)). All the experiments show
that the training set influenced the execution time non-lineary, but the test set influence the time
linearly. Finally, we examine how the execution time changes the number of available cores (Figure
4.4 (right)). We demonstrate the feasibility of processing datasets of varying sizes that are otherwise
not feasible to process with a single machine. An interesting aspect is that for each combination
(dataset, algorithm) we could find the optimal amount of resources (number of cores) to minimize
the algorithms execution time.

4.2 Federated learning in distributed transportation networks

The accuracy and interpretability are two dominant features present in successful predictivemodels.
However, more accurate black-box models are not sufficiently explainable and transparent. This
feature complicates the user acceptance of AI-driven systems and can be troublesome even for AI
model developers.

With increased transportation availability increases the amount of traffic and this leads to a
large number of available decentralised data sources. Thus, the AI technologies implemented there
should be capable of processing these data in a decentralised manner, according to the data privacy
regulations. We address this challenge with federated learning approach.

The main assumption is that the federated model should be parametric (e. g., mainly deep
learning based) because the algorithm synchronises the models by synchronising the parameters.
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A known limitation of deep learning is that neural networks inside it are unexplainable black-box
models.

Explainable federated learning for taxi travel time prediction. J. Fiosina, In Proc. of the
7th Int. Conf. on Vehicle Technology and Intelligent Transport Systems - VEHITS 2021,
pages 670-677, INSTICC, SciTEPress.

In this studywe propose [Fiosina, 2021] a privacy-preserving explainable federatedmodel, which
achieves a comparable accuracy to that of the centralised approach on the considered real-world
dataset. We predict the Brunswick taxi travel-time based on floating car data trajectories obtained
from different taxi service providers, which should remain private. The explainable federated
learning model makes predictions for the stated problem and allows a joint learning process over
different users, processing the data stored in each of them without exchanging their raw data, but
only parameters, as well as providing joint explanations about variable importance.

Therefore, we aim to address several research questions. 1) Which is the most accurate ML
prediction method for the given data in a centralised manner?We identify the best hyper-parameters
for eachmethod. 2) Under which conditions federated learning is effective?We distribute the dataset
among more providers, and analyse after which point the distributed and non-synchronised models
lose their accuracy and federated learning is beneficial. We define an optimal synchronisation plan
for parameter exchange, identifying the hyper-parameters and frequency of parameter exchange that
is acceptable and beneficial. 3) Do existing black-box explanation methods successfully explain
federated learning models? We investigate how the state-of-the-art explainability methods can
explain federated models.
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Fig. 4.5 Explainable federated learning architecture (left) and Road network of Brunswick, (latitude: 51.87
- 52.62, longitude: 10.07 - 11.05 (right).

We propose a strategy for explainability of the federated model and illustrate it on a travel-
time prediction problem. Our aim is to describe the application of state-of-the-art explainability
methods to federated learning, while maintaining data privacy. We apply the federated architecture
and explainability methods to the focal problem and consider what information and how often
should be exchanged. Moreover, the application of each explainability method to a concrete task
only produces baseline results because the result interpretation is specific to the particular task or
application at hand.
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Algorithm 2: Explainable federated learning training process
Result: Trained "�� model
Define the same initial F8 for "8 , 8=1. . . # , 4?>2ℎ=1 ;
while The loss function does not converge do

foreach 10C2ℎ of data do
foreach �8 in parallel do

)A08=("<4?>2ℎ,10C2ℎ>

8
, �

) ',10C2ℎ
8

);
if synchronisation then

�8 sends F<4?>2ℎ,10C2ℎ>8
to the server;

if synchronisation then
Server aggregates the parameters/gradients and broadcasts them:
F
<4?>2ℎ,10C2ℎ>

��
= �43�66A460C8>=(F<4?>2ℎ,10C2ℎ>

8
, 8 = 1 . . . #);

foreach �8 in parallel do
�8 receives updated parameters from the server and updates its model:
"
<4?>2ℎ,10C2ℎ>

8
= "

<4?>2ℎ,10C2ℎ>

��
;

4?>2ℎ = 4?>2ℎ + 1
Training process is over. The last obtained "<4?>2ℎ,10C2ℎ>

��
is the final model: "<;>20;��>

8
of each

�8;
foreach participant �8 in parallel do

foreach instance 9 of �) �
8

dataset do
Calculates attribution scores: B28, 9 = (2>A8=6�;6>A8Cℎ<("<;>20;��>

8
,�) �
8, 9
);

�8 calculates its average scores and sends the result to the server: B28∗ =
∑
9 B28, 9

|�)�
8
| ;

Server aggregates the participant scores and broadcasts the result: B2�� =
∑
8 B28∗¤|�)�8 |
|∪8�)�8 | ;

foreach participant �8 in parallel do
Each �8 updates its attribution scores: B28∗ = B2��;

Let us give a formal definition of the federated learning concept. Let # federated learning
participants {�8}#8=1 own datasets {�8}#8=1 as previously defined. Each participant �8 divides its
dataset �8 = �)'8 ∪ �)�8 into training set �)'

8
and test set �)�

8
. The individual local models are

trained on �)'
8

and their explainability attribution scores are computed on �)�
8

. {"8}#8=1 is the
local models of the participants, while "�� is the federated model. As we consider learning on
batches, "<4?>2ℎ,10C2ℎ>

8
is the local model of the participant �8 for the current 4?>2ℎ and 10C2ℎ of

data, while "<4?>2ℎ,10C2ℎ>

��
is the current federated model. F4?>2ℎ,10C2ℎ

8
are the current parameters

of the model "<4?>2ℎ,10C2ℎ>

8
: F4?>2ℎ,10C2ℎ

8
= F("<4?>2ℎ,10C2ℎ>

8
). The training process of such a

system contains the steps presented in Algorithm 2. The scoring algorithm can be one of the
explainability methods e.g., DeepLIFT, Integrated gradients (Section 1.2.1). Note that we start the
federated variable explanation process when the federated training process is finished and a copy
of the common federated model "<;>20;��>

8
of each �8 is locally available.

Experiments: We predict the Brunswick taxi travel-time based on floating car data (FCD)
trajectories obtained from two different taxi service providers (January 2014 - January 2015)
(Figure 4.5 (right)) and the corresponding weather data. First, we transform the raw FCD data
trajectories and de-noised them obtaining 542066 trajectories. Additionally, we divide the map
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into different size grids (e.g., 200m*200m) to determine whether this aggregation can improve our
forecasts.

We predict the travel-time using different methods (Table 4.2) and find the corresponding best
hyper-parameters by the grid search.

Model Hyper-parameters
Regression Linear (no); Ridge (U = 0.09); Lasso (U = 14 − 9)

XGBoost 2>;B0<?;4_1HCA44 = 0.7; ;40A=8=6_A0C4 = 0.12; <0G_34?Cℎ = 9, U=15;
=_4BC8<0C>AB = 570

Random forest =D<_CA44B = 100; <0G_34?Cℎ and <8=_B0<?;4B_;40 5 are not restricted

Deep learning

fully conn. percentron with 2 hidden layers, number of neurons: 64-100,
Re-Lu act. function; 0.2 dropout between hidden layers;
optimiser SGD; MSE loss function;
##_10C2ℎB8I4 = 128, 4?>2ℎB = 800; ;40A=8=6_A0C4 = 0.02

Federated learning
synchronisation each 2nd batch,
##_10C2ℎ_B8I4 is proportional to the size of each provider’s dataset,
the sum of all provider’s ##_10C2ℎ_B8I4 = 128.

Table 4.2 Optimal model hyper-parameters

We divide the dataset into training (80%) and test (20%) sets. We use the mean squared error
(MSE) as an efficiency criterion and 5-fold cross validation for model comparison. The accuracy
with an MSE of .0010 corresponds to 5 min, while that with an MSE of .0018 to 7.5 min.

We identify the best ML prediction model (Table 4.3). For one data provider (centralised
approach, second column), the best results is obtained by the XGBoost and random forest methods
(.00097 and .0010). Conventional regression methods such as linear, Lasso and Ridge regressions
provide the same inaccurate results. Deep learning exhibit a slightly lower performance than those
of the best models.

Model Number of data providers
1 2 4 8 16 32

Linear, Ridge, .0019 .0019 .0019 .0019 .0020 .0020Lasso regression
XGBoost .00097 .0011 .0011 .0012 .0012 .0013

Random forest .0010 .0011 .0011 .0012 .0012 .0013
Deep learning .0011 .0012 .0012 .0013 .0014 .0015

Federated Learning — .0011 .0011 .0011 .0011 .0011

For 8 providers synch.each =-th batch Average MSE
1 .0011
2 .0011
3 .0012
4 .0012
5 .0013

Table 4.3 MSE of travel-time prediction with different ML methods (left) and for different synchronisation
frequencies (right)

Despite the fact that XGBoost and random forest methods provide the most accurate results
for the centralised approach, federated learning could be implemented only on the deep learning
bases. We equally distribute the dataset among several providers, and execute the models locally
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on each provider without synchronisation. Then we analyse after which point the distributed
nonsynchronised models lose their accuracy and federated learning becomes beneficial.

We investigate the effect of the synchronisation frequency on the accuracy of the federated
model. Thus, the accuracy decreases with the step-wise decrease in the synchronisation frequency
(Table 4.3) (right). With synchronisation performed in each batch or even each second batch, the
accuracy remains the same as that of the centralised approach. With a rarer synchronisation, the
accuracy decreases.

Next, we compare the results of variable importances for local, federated and centralised ap-
proaches. We select the Integrated gradients method as an explainability scoring algorithm because
of its simplicity and speed. The baseline in this algorithm is taken equal to the average value of each
feature. Figure 4.6 (left) contains variable importance calculated with the federated model for each
of eight data providers locally using their test data. Despite the fact that the main tendency in vari-
able importance by all of eight providers remains the same, the locally obtained results differ from
the importance scores, calculated with all test data. This may lead to inaccurate explainability by
some local providers, especially with small testset sizes. The proposed attribution scores averaging
mechanism allows to avoid this inaccuracy without transmitting the local testsets.
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Fig. 4.6 Explainability of individual models (left) and FL vs centralised approach (right) using Integrated
gradients with baseline equal to average value of each feature

Figure 4.6 (right) presents variable importance calculated for the centralised and federated
learning approaches using aggregated test datasets (centralised) or aggregation of scores (federated),
which leads to the same results. We observe that without raw data transfer our approach allows
more accurate calculation of variable importance than one each provider can obtain using only its
local test set.

We investigate which parameters have the biggest influence on the results. According to Figures
4.6 (left) and 4.6 (right) the most important variable for all the models is FCD distance, which is
expected. The next important variables are zones’ coordinates, sine and cosine of the traveling hour
and day of the week. This is clear that the distance could not completely determine the travel-time.
However, we can conclude that despite of our expectations, almost all weather parameters do not
significantly influence the predictions.



Chapter 5

Outlook and future work directions

Despite the significant progress and constant development of contemporary state-of-the-art ML
methods, numerous challenges remain, such as the widely distributed data sources, limited com-
puting power of single servers, data privacy requirements, model explainability, and applicability
in various domains. Therefore, novel, computationally intensive, distributed ML methods and tools
are required. This thesis is based on the contribution of 11 papers to the theoretical and practical
aspects of state-of-the-art and proposedMLmethods. In particular, the work in this thesis addresses
three main research directions: computationally intensive MLmethods, decentralised MLmethods,
and distributed centralised ML methods, in which the stated challenges are addressed.

However, substantial future research is required to advance the proposed method in terms
of creating novel techniques and applying state-of-the-art methods in different problem settings,
scenarios, and domains. We determined numerous possible future investigations for the formulated
challenges.

Our contribution and future work directions for these challenges are summarised below:

• Challenge 1 (Novel effective ML methods):

– Contribution: We propose novel resampling-based methods for change-point estimation
[Fiosina and Fiosins, 2011], [Fiosins et al., 2012], and stochastic graph route comparisons
[Fiosina and Fiosins, 2014]. Several resampling-based algorithms are created, and formulas
for estimating their properties are derived. The experimental results demonstrate that the
proposed approaches outperform their classical alternatives, in which the distributions are
estimated directly from the data.

– Future research directions:
· The combination of bootstrapping and resampling techniques with other data analysis
procedures (e.g. change-point trend analysis and autoregression), the derivation of their
theoretical properties, and validation of the proposed approaches on real-world data.

· Improvements to prediction and classification techniques by constructing hybrid models
and investigating their properties (e.g. improving the classification accuracy by stack-
ing a combination of various models for data augmentation and improving travel-time
forecasting models by ensembling various models).

• Challenge 2 (Distributed computations):

– Contribution: We propose a distributed parallelisation algorithm for the semi-parametric
and non-parametric regression types, and implement these in the Apache SPARK computa-
tion environment and data structures [Fiosina and Fiosins, 2017]. Scalability, speed-up, and
goodness-of-fit experiments using the proposed methods demonstrate the excellent perfor-
mance of the proposed approach.

– Future research directions:
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· The creation of novel distributed versions of state-of-the-art ML methods based on resam-
pling, ‘divide and conquer’, and MapReduce to artificially divide the data and parallelise
computations for cloud computing (e.g. on SPARK, GPU, and MPI).

• Challenge 3 (Decentralised networked architectures):

– Contribution: We propose a decentralised linear regression method [Fiosina, 2012] and intro-
duce a resampling-based technique for the synchronisation of individual models. We propose
non-parametric collaborative kernel-based regression algorithm [Fiosina and Fiosins, 2012],
which effectively solves the travel-time prediction problem. The proposed synchronisation
enables us to obtain more accurate predictions/clusters than when using the individual models
of each agent [Fiosina et al., 2013a].

– Future research directions:
· The development of decentralised versions of other state-of-the-art ML methods (e.g.,
logistic regression, multiple regression, change-point analysis, time series, classification,
and clustering algorithms).

· Improvement of existing decentralised ML methods by introducing more efficient data
or parameter exchange and synchronisation algorithms (e.g., involving new reputation
or agent reliability level computing schemes and novel data exchange rules; a combined
approach, which enables selection between parametric and non-parametric estimators; the
use of the median resampling approach, which is more resistant to outliers).

• Challenge 4 (Data privacy):

– Contribution: We apply federated deep learning for travel-time forecasting [Fiosina, 2021].
The proposed collaborative model enables us to obtain more accurate prediction models than
the individual non-cooperative models without transmitting raw data. Moreover, the proposed
federated model yields comparable results to a centralised model that is fitted on all the data.

– Future research directions:
· The investigation of different federated learning architectures, and the development of
novel federated coordinated ML approaches based on state-of-the-art methods and their
explanations (e.g. other deep learning architectures, other parametric models, and decision
tree-based methods).

• Challenge 5 (Explainability):

– Contribution: We explore an approach for interpreting the results of a deep learning model
that is applied to a classification problem [Fiosina et al., 2020], introduce an explainable
federated architecture for the travel-time forecasting problem [Fiosina, 2021], and pro-
pose a novel research direction towards explainable decision-making in multi-agent systems
[Kraus et al., 2020].

– Future research directions:
· The interpretation of black-box models ofMLmethods; the use, comparison, combination,
and proposal of novel explainability methods.

· An extension of the research direction ‘Explainable decision-making in multi-agent sys-
tems’ by proposing novel explainability ML algorithms.
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· The creation of explainability algorithms for data analysis in distributed and decentralised
architectures.

• Challenge 6 (ML applications):

– Contribution: We apply state-the-art and our proposed ML methods to solve prediction
[Fiosina, 2012], [Fiosina, 2021], classification [Fiosina et al., 2020], and change-point detec-
tion [Fiosins et al., 2012] problems for transportation and bioinformatics applications.

– Future research directions:
· The integration of the proposed algorithms into complex data-driven AI system archi-
tectures as a data processing step (e.g. integrating the proposed route comparison and
individual user preference algorithms into cloud-based intelligent transportation systems).

· The implementation of the state-of-the-art and proposed decentralised ML algorithms
for solving problems in the transportation domain (e.g. the vehicle routing problem) and
transferring the knowledge to other domains.

· The application of centralised ML methods for other scenarios in transportation (ride-
sharing), bioinformatics, etc. For example, investigating models of other types of ex-
pression data, improving the classification results by using more accurate variables and
sample filtering, and performing deeper result interpretation, including the enrichment of
non-miRNAs and contaminants.

· The application of distributed ML and federated learning architectures to problems in
various domains to ensure rapid, reliable, robust, and privacy-preserving data analysis.
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