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ABSTRACT
As distributed and multi-organization Machine Learning emerges, new challenges
must be solved, such as diverse and low-quality data or real-time delivery. In this
paper, we use a distributed learning environment to analyze the relationship be-
tween block size, parallelism, and predictor quality. Specifically, the goal is to find
the optimum block size and the best heuristic to create distributed Ensembles. We
evaluated three different heuristics and five block sizes on four publicly available
datasets. Results show that using fewer but better base models matches or outper-
forms a standard Random Forest, and that 32 MB is the best block size.
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1. Introduction

The field of Machine Learning (ML) [1] has seen many advancements, especially in
terms of algorithms [2–4], but new challenges continue to arise [5,6]. These challenges
stem primarily from the large volume and diversity of data in current ML problems
and the need for the real-time delivery of services based on that data [7]. This has led
to the emergence of new fields of research based on streaming data, such as streaming
analytics [8] and streaming ML [9].

Indeed, the proliferation of digital data in recent years has given rise to the need
for ML algorithms that can process and analyze these large volumes of data in real-
time. However, the challenges associated with handling such large and diverse datasets
are significant. One of the primary challenges is the need for powerful computing re-
sources to process and store the data. With the advent of big data, traditional relational
databases are no longer sufficient to handle the sheer volume and complexity of the
data. Therefore, ML practitioners have had to adopt new approaches, such as dis-
tributed computing and cloud-based storage solutions, to handle these large datasets
[10].

Another challenge is the diversity of the data itself [11]. Large datasets can come
from a wide range of sources, and the data can vary significantly in terms of quality,
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structure, and format. This makes it difficult to develop ML models that can accurately
analyze and make predictions based on this data. Furthermore, data quality issues such
as missing or erroneous data can lead to inaccurate results and false conclusions.

The need for real-time delivery of services based on data is another challenge. Real-
time processing of data requires fast and efficient algorithms that can quickly analyze
large volumes of data and make predictions in real-time. Furthermore, the results of
these analyzes need to be delivered to users in real-time, which requires fast and reliable
communication networks and the ability to handle large volumes of traffic.

In summary, the challenges associated with large volumes and diversity of data
in ML problems and the need for real-time delivery of services based on that data
require advanced computing resources, innovative approaches to data management,
and efficient algorithms that can quickly and accurately analyze data in real-time. ML
practitioners need to continually refine their techniques and adopt new approaches to
stay ahead of these challenges and continue to drive innovation in this field.

Independently of the challenge, however, all the solutions have one characteristic
in common: they are distributed. This means not only distributed storage [12] but
also distributed processing [13] namely in terms of model training and serving [14].
Intuitively, while such systems allow working with larger volumes of data that would
not fit in the memory or storage disc of a monolithic system, they also imply an
increased effort in terms of coordination and synchronisation. This effort is not only
computational but also often in terms of the complexity of the actual algorithms used,
which must be adapted or developed anew.

Some of the relevant solutions (addressed in Section 2) include concepts such as
Ensemble Learning [15], Distributed Learning, or Federated Learning. These concepts
come together in the Continuously Evolving Distributed Ensembles (CEDEs) project,
presented in this paper. CEDEs, however, goes further than a simple Ensemble, as
it allows for Ensembles to evolve over time effortlessly, in computational terms, by
not requiring a full re-training as data change. Moreover, Ensembles are seen as logic
constructs, so they can easily be set up depending on the requirements of the user and
on the state of the cluster.

Specifically, in this paper, we analyze the interesting relationship that emerged in
CEDEs between data block size, degree of parallelism, and its impact on the quality of
the Ensemble (This relationship is described in Section 3). One of our objectives is to
find the optimum point at the intersection of these conflicting requirements. Indeed,
block size influences all others in different ways. A smaller block size will increase the
degree of parallelism, with a cost in terms of coordination overhead, and vice-versa.
The impact on model quality is not so clear and will be studied. For instance, very
small block sizes will allow for very dynamic and heterogeneous Ensembles, but the
base models might be so poor (for the lack of data) that the whole Ensemble is weak
in terms of predictive performance. On the other end, having very large block sizes
might ultimately defeat the purpose of an Ensemble.

From the perspective of CEDEs and similar distributed learning systems, it is fun-
damental to find the optimal point so that a more efficient management of cluster
resources can be implemented [16].

The remainder of this paper is organized as follows. Section 2 presents the related
work, while Sections 3 and 4, present, respectively, the CEDES project and the prob-
lem statement. The datasets used and the methodology followed for validating the
proposed approach are addressed in Section 5. The results are presented in Section 6
and discussed, together with some closing remarks, in Section 7.
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2. Related Work

The new research challenges in the field of ML, addressed in the previous section,
have been tackled by researchers from very different fields, using different approaches.
However, to the extent of our knowledge, no author has looked specifically at how the
issues of block size, degree of parallelism and predictive performance interact. This
section deals with the related work in terms of different algorithms and approaches,
both commercial and from research, to deal with the challenges of distributed ML.

Several efforts have been performed to devise parallel or distributed connectionist
algorithms (such as Neural Networks or Deep Learning) to decrease their training time
with large datasets - one of its main drawbacks. In these cases, the challenge is to
maintain convergence and efficiency at scale. In [17], for instance, the authors propose
the Kroneckerfactored Approximate Curvature (K-FAC) as an approximation of the
Fisher Information Matrix that can be used in natural gradient optimizers, validating
it with interesting results.

Other approaches consist in creating so-called Ensembles [18]. An Ensemble is a
group of simpler models, also called base models (or weak learners), in which each
one is trained with a part of the data. While each base model is usually a poor one
if considered in isolation, grouping them under an Ensemble through some heuristic
frequently holds better results than using a single complex model.

Different types of Ensemble exist, some of which are quite straightforward to im-
plement in a distributed manner. Bagging Ensembles [19] are made up of a group of
base models trained with different parts of the data selected at random. Depending
on the implementation, this might mean that each base model sees a different subset
of the rows and eventually even a different subset of the columns. For these reasons,
Bagging Ensembles are very resilient to overfitting [20]. When it comes to computing
predictions, in a Bagging Ensemble, each base model has the same weight in comput-
ing the final prediction, be it a regression (average prediction) or classification (most
voted class) task, irrespective of the quality of the base model. Due to its nature, a
distributed implementation of Bagging Ensembles comes naturally, as different base
models can be trained on data selected from different parts of the dataset.

In a Stacking Ensemble [21], on the other hand, many different models are trained
on the same data. This, in itself, makes it harder to distribute the algorithm if the
data is distributed. In short, the algorithms used to train the models must be able to
learn in a distributed manner. As in Bagging Ensembles, some of these models will
be better than others. However, here, each base model might have a different weight
when making predictions, or some base models might not be considered at all. This is
determined in the final stage of the training of the Ensemble, in which an additional
model is trained to learn how to best combine the predictions.

Finally, Boosting Ensembles [22] considers that base models are added sequentially,
in which each new base model attempts to minimize the error on those instances that
were more poorly classified by the previously trained one. The fact that there is an
active focus on adapting to previous errors makes Boosting Ensembles more prone to
overfitting, especially in scenarios in which there are outliers. Since models are trained
sequentially, this is also the type of Ensemble that is less prone to be distributed or
parallelized.

There are thus different possible approaches, each of which with its advantages and
disadvantages. The best one can only be identified on a case-by-case basis [22]. However,
in terms of their adequacy to be used as a solution for distributed learning, an ordering
from most suited (Bagging) to least suited (Stacking) can be put forward.
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In the last years, another layer of challenges became evident when it comes to dis-
tributed learning. Data sources and storage grew so much in volume that they started
to exist over or represent different regions, with eventually different legislation in what
concerns privacy and data protection. This led to the emergence of Federated Learning
[23] which allows for organizations, countries or regions to collaboratively train ML
models, in a distributed manner, while still respecting and preserving data ownership
and privacy. Data is kept decentralized, with their respective owners, while models are
trained with those data and shared.

Asides from cloud-based solutions, there are also open-source and other commercial
ML tools that address these challenges. One such example is H2O: a ML platform that
offers open-source tools and libraries to help data scientists and engineers create and
implement ML models. Its purpose is to simplify the process of working with large
datasets and algorithms.

H2O has a significant advantage due to its capability to distribute its workload
across multiple machines. This feature enables H2O to process data at scale, a crucial
requirement for ML tasks that involve processing large datasets. H2O utilises the H2O
cluster, a distributed system that enables users to train and deploy ML models in
parallel using multiple nodes. In addiction to its ability to distribute workloads, H2O’s
intuitive interface makes it user-friendly. Its interface is simple and straightforward,
allowing data scientists to easily create and deploy ML models. H2O also provides
a broad spectrum of ML algorithms such as Deep Learning, Gradient Boosting, and
Generalised Modelling, to name a few. To begin working with H2O in a distributed
way, the first step is to initialise the cluster, either locally or on a remote machine.
After starting the cluster, data can be uploaded from a disk into H2O Frames, which
are distributed data frames. H2O was designed to process big data in a way similar to
platforms like Hadoop and Spark, which were popular when H2O was first introduced.
It also uses a lock-free distributed key/value store [24] internally to read and write
data (models, frames, objects) asynchronously across all nodes and machines. The
architecture of the H2O cluster is similar to a Hadoop Distributed File System (HDFS)
architecture, with a coordinator node that manages the cluster and coordinates tasks
among worker nodes, and worker nodes that are responsible for performing all of the
computation required to respond to tasks determined by the coordinator. Overall,
the H2O architecture is designed to be highly scalable, fault-tolerant, and efficient in
processing large datasets for ML tasks, and can be used by anyone, from a single user
working on a standard laptop to groups of users working on large distributed clusters.

As this section shows, the approaches to deal with the new challenges of ML are
many. Moreover, in some cases, the configuration of the data cluster (such as the block
size) may have an impact not only on the performance of the storage but also on the
performance of the predictive model. To the extent of our knowledge, this issue has
never been investigated before, and the rest of the paper addresses the relevance of
this issue and the conclusions achieved from investigating it.

3. The CEDEs project

This section describes, from a functional and high-level perspective, the Continuously
Evolving Distributed Ensembles (CEDEs) project. The main objective of CEDEs is to
create an ecosystem for the distributed training of ML models, allowing the models
to adapt as data changes by adding new base models as new blocks are completed,
and eventually removing other base models, in a cost-effective way. This addresses not
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only the challenge of handling large datasets but also the capability of continuously
learning from streaming data.

CEDEs takes advantage of existing block-based distributed file systems, such as
HDFS [25] to parallelize and distribute learning tasks efficiently by following the prin-
ciple of data locality [26] which means that the computation is brought to where the
data is, instead of the other way around. Instead of conventional models, CEDEs uses
Ensembles [18], where a base model is trained for a specific block of a dataset and En-
sembles are built in real-time by combining available models based on performance or
other criteria. This is managed by an Optimization module that adapts the Ensemble
as data changes.

The system incorporates two additional mechanisms: replication and balancing.
Replication enables the automatic creation of block replicas so that the same block is
available in multiple locations of the cluster simultaneously. This mechanism increases
the use of storage space but makes it easier for the Optimization module (discussed in
Section 3.2) to find suitable nodes to carry out tasks. Balancing, on the other hand,
distributes the blocks evenly across the cluster, ensuring that the load is distributed
appropriately when executing tasks.

Finally, CEDEs also stores the base models in the distributed file system and repli-
cates them. This means that not only the Ensemble itself is distributed, which speeds
up predictions, but also that, thanks to replication, multiple nodes will have the same
base models available for making predictions. The optimization module is responsible
for deciding which base models to use and on which nodes to make predictions.

The remaining of this section describes the data model and the architecture of
CEDEs, while Section 5 details the methodology followed to validate it.

3.1. Data Model

In what concerns the data model, there are seven main entities as depicted in Figure
1. One of the central entities is the Organization. Multiple organizations are meant to
share the same instance of CEDEs. Moreover, ideally, each organization contributes
with its own hardware, i.e., servers that are added to the cluster and in which the data
of each organization are stored.

In line with the Federated Learning concept, each instance of CEDEs is meant to
exist in a specific ML domain (e.g. Fraud Detection, Healthcare, Finance). However,
datasets and organizations of multiple domains can obviously coexist. The system
allows the existence of multiple organizations as a part of an instance, so they are
expected to be, in some way, related to the domain of that instance.

The participation of the organizations can be very different, depending on how they
use the available services. For example, an organization can be mostly a data creator,
contributing towards the availability of more models and, consequently, enriching the
system. On the other hand, another organization might not have the ability to produce
data but might make heavy use of existing models for predictive purposes, such as would
happen in a newly created organization. Organizations located at any point between
these two extremes may exist.

Every action organizations perform (e.g., add data, train model, request predictions)
is stored in a shared blockchain, and imbalances such as those described above might
be balanced through contributions towards the ecosystem (e.g., buying and selling
credits). Although this aspect is not the focus of this paper, it is described in more
detail below. In summary, the goal is to have a data, model and hardware ecosystem
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in which organizations receive credits whenever their shared hardware or models are
used by others and pay credits whenever they want to use others’ models.

Figure 1. Simplified view of the data model that supports the proposed system.

The central entity in the data model is the User. Each organization may hold multiple
users. Users have the ability to create and edit ML projects, and import or access
datasets. Projects and Datasets are thus another two important entities in the data
model.

The access to each dataset is governed by a system of Roles and Permissions. Or-
ganizations can establish various roles, such as Data Scientist, ML Engineer, and Data
Engineer, and assign them to their users. Permissions are then granted based on the
roles of the users. Furthermore, when a user uploads a new dataset, they become the
owner of that dataset, which is crucial for determining the provenance of the data.

The information that the user provides when training a project is stored in the
Project entity. This includes, among others, the name and general description of the
project, the desired dataset, which algorithm(s) is/are to be used in the training process
and respective configurations (optional), etc.

In order to give users the ability to create heterogeneous Ensembles, as described in
Section 5, the system allows multiple algorithms to be used in a single project. In this
case, the user must provide the relative proportion of each algorithm (e.g., 50/30/20),
so that each base model can be submitted to these probabilities in the training process.

Using the proportions above means that each base model has 50% chance to be
trained with algorithm a, 30% with algorithm b and 20% with algorithm c. This means
that CEDEs supports both homogeneous and heterogeneous Ensembles.

The user may also decide between using a standard configuration or fine-tuning the
hyper-parameters of each algorithm used. This functionality is aimed at users who are
more familiar with ML and want to use their additional knowledge to create their
own customized models. The configuration depends on the type of each algorithm. For
example, a Decision Tree may be configured in terms of maximum depth or minimum
number of instances per leaf (among others), while a neural network may be configured
in terms of activation function or the number of layers and respective neurons (among
others).

Finally, each project has an associated Base Metrics entity. This holds the perfor-
mance metrics (e.g. RMSE, MAE, Accuracy, F1-Score) [27] of each base model trained.
Base metrics are also used to compute the performance metrics of a given Ensemble,
based on the metrics of the base models that make up the Ensemble, which are aver-
aged.
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3.2. Architecture

The architecture of the suggested system comprises several key components, as out-
lined in this section and depicted in Figure 2. In its present form, CEDEs is distributed
as a Docker application, which can be easily deployed. In its implementation we do
not use the official Docker images for Hadoop, Spark or any of the other software used.
Instead, the containers are all built based on a vanilla ubuntu:bionic image, in which
all the relevant software is installed and configured automatically, through a Docker-
file. This includes installing and configuring the HDFS in cluster mode, SSH access
for the containers, setting up environment variables, installing necessary packages or
formatting the distributed file system. This makes the process very similar to what
has to be done when installing it in a cluster with several physical machines, and the
Dockerfile can even be used as a manual for deploying CEDEs. The number of con-
tainers (1 coordinator + n workers) can easily be set up, to test clusters with different
sizes. This approach was followed given the lack of an appropriate physical cluster, but
having as a requirement that the transition to a physical cluster will be as smooth as
possible.

Figure 2. Depiction of the proposed architecture with a possible sample scenario.

The central component of the architecture is the Storage Layer which is imple-
mented as an HDFS cluster. In this layer, large amounts of data are divided into
smaller segments called blocks, each with a fixed size (generally 128MB). This layer
can handle various data sources, including different formats (e.g., CSV, Parquet, Avro)
and databases. The process begins with a user uploading a data source to the HDFS,
which is then split, distributed, and replicated across the cluster.

Replication is controlled by a so-called replication factor (usually with a value of 3).
This means that any data stored in the file system, which includes both raw data and
serialized base models, will be available simultaneously in several nodes. This increases
the availability of these elements, namely of candidate nodes to train base models, at
the cost of some storage overhead.

Once the upload process is completed, the dataset is available for use in a new ML
project. The user now is able to create a new project, select the desired dataset, and
provide the necessary information as previously described. Once the project configura-
tion is complete, the user can begin training a new Ensemble. This process is managed
by the Coordination module, which interacts with the Optimization and Metadata
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modules.
The training of an Ensemble occurs in a distributed manner and takes advantage

of two factors: the replication and availability of blocks across multiple nodes and the
principle of data locality. Since the dataset is divided into blocks, a base model is
trained for each block of a file (excluding replicas), which, when combined, form the
Ensemble. As a result, for each base model that must be trained, the Optimization
module must decide which of the candidate nodes (where the corresponding blocks are
located) will be selected. The goal of this optimization is to minimize the makespan.
Further details on the implementation of this module are provided in [28]

The inputs used by the Optimization and the Coordination modules to assign tasks
are the following:

Block location - Taking into account that one of this system’s pillars is data locality,
the Coordination module needs to know what blocks are part of each dataset, and where
each of them and their respective replicas are located and available at the moment of
training so that computation (e.g., base model training) can be moved to where the
data resides. The replication factor is the number that determines how many replicas
for each block are created and distributed across the cluster (which is typically 3 but
is dependent on the HDFS configuration and easily manipulated). One base model is
trained for each block of data, resulting in a 1:1 relationship between the blocks of a
specific dataset and the base models that make up an ensemble of a specific ML project
that utilizes that dataset. This information is obtained from the Metadata module.

Task cost prediction - In order to get an estimation of the cost of each individual
task (e.g., training of each base model) an approach based on meta-learning was im-
plemented. Based on data collected from a large number of ML problems and datasets
obtained over time, this approach is able to accurately estimate the training time of a
given algorithm/configuration for a dataset with given characteristics (meta-features).
This approach, which provides fairly good results in terms of task complexity/cost
predictions, is further described in [29,30]. This information is obtained from the Op-
timization module.

Nodes state - Another relevant input for the Optimization module to assign tasks
is the state of each node in the cluster. The Optimization module uses several forms to
get those metrics, such as Hadoop’s health checker service which is able to determine
if the node is healthy or dead, and services that return the current load of the nodes
(e.g., CPU, memory, disk). The features such as the cost and size of each node’s task
queue are maintained and made available by the Coordination module, which knows,
at each moment, the pending tasks in each node and their characteristics.

Once the Coordination module receives the information relative to the best candidate
where to allocate each task of a specific ML project, the training process begins. The
process starts with the coordinator node broadcasting the task information to all of
the worker nodes in the cluster. This communication process is implemented with
ZeroMQ: a brokerless asynchronous messaging library that implements multiple socket
communication patterns that are useful for implementing distributed systems.

The base models that are generated in the training process are serialized and stored
in HDFS as the workers complete the respective training and consequently replicated
and distributed across the cluster due to replication and balancing factors. The user
is able to access this information in real-time in the client application. As the worker
nodes finish the training of all the models that they have been assigned, the coordinator
is notified and the worker can move on to the next task in the queue if there is one.

This whole process is illustrated in Figure 2, in which the following terminology is
used: FiBjRk represents a replica k of block j of file i. The same logic is used for models,
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which start with the letter M instead. An arrow between a specific block replica and
a model means that a base model was trained from that block on that node. Replicas
of that base model may however exist in other nodes, created through the Hadoop
replication mechanism after the base model was stored in the HDFS.

When a client makes a request for predictions for a given project, a process iden-
tical to the training process takes place. Initially, the Coordination module requests
information regarding which of the base models will constitute the predictive Ensem-
ble. This is determined by the Optimization module following a specific heuristic. This
means that the Ensemble is created dynamically in real-time, based on the available
base models and/or their number and quality, depending on the heuristic used. The
process is efficient in the sense that all base models are already trained and available,
and constitute the pool of candidate models. The process of constituting an Ensemble
is thus an optimization problem that only finds the best combination of models, as
described before, based on their characteristics. A previous version of this mechanism
was implemented using Genetic Algorithms as described in [31]. Nevertheless, a more
efficient approach is now being implemented.

As base models start making their predictions, in a distributed manner, they for-
ward them to the Coordinator. The predictions are then combined by the Coordinator
according to the selected heuristic, and stored in the HDFS. Finally, when this process
ends, the user is notified. As described in Section 5, different heuristics are available.

The Blockchain module records all user or client activity within the system, such as
data importation, model training requests, prediction requests, etc. The API module
encompasses all the necessary endpoints for interacting with the system’s services and
communicates with the Coordination module through ZeroMQ messages, as needed.
External client applications can utilize this API. There’s also a User Interface designed
for human users, which communicates with the aforementioned API.

The implementation of the entire system is still in progress, with the focus currently
being on the Optimization module.

4. Problem Statement

The implementation of CEDEs, a project of exploratory nature, highlighted some of
the interesting conflicts that exist in distributed systems. These often stem either from
configuration options of the tools used or from software implementation decisions.
This paper focuses in one of these conflicts, and this section describes the methodology
followed to try to find an answer to the open questions.

The main issue is that of block size, which is a configuration of the distributed file
system used. In HDFS, the block size affects the way a file is stored. A small block
size will result in smaller blocks, which will be quicker to balance and replicate across
the cluster. However, it will also have a significant overhead in terms of management
of the file system as the meta-data stored for each block is independent of the block
size. So, the smaller the block size is, the larger the number of blocks that must be
maintained, hence the overhead. Indeed, the main limitation of HDFS is memory: it
performs better with a few large files than with many small ones.

The implications for CEDEs, however, go much further. Given that there is a 1:1
relationship between blocks and base models, a smaller block size means that there
will be more blocks, hence more base models. Base models will also in principle be
smaller and simpler, and also in principle weaker in predictive terms since they were
trained with fewer data. Given that the performance of an Ensemble is measured from

9



the average performance of its base models, if models are generally weaker, so will
the Ensembles created. While up to a certain point, a smaller block size increases
parallelism, as there are more base models that can be trained in parallel and their
cost to train is smaller, it also increases the overhead related to coordination and task
distribution.

On the other end, i.e., if a large block size is used, the performance of the base models
and the Ensemble is in principle improved, the coordination overhead is minimized,
but the degree of parallelism decreases. Moreover, if the block size is large enough
that there are only a few blocks, the advantages of Ensemble methods are lost and,
ultimately, we might have an Ensemble with a single model.

One of the objectives of this work is to present and discuss this problem, first, and
then to find the optimal point that maximizes both parallelism and model quality.
Evidently, this analyzis should be done on a case-by-case basis, as it depends on the
number of available nodes in the cluster. In the following Section, we perform it in a
generic manner.

Another goal is to evaluate different heuristics for creating Ensembles, which is also
done in the following Section. Specifically, we evaluate and compare three possible
heuristics. As they are available to be chosen by the user in CEDEs when configuring
the ML project, it is important to compare them in terms of performance.

5. Materials and Methods

The previous section described the main problem addressed by this work. This section
details the methodology followed in its analyzis (Figure 3). Four different publicly
available datasets were used in the experiments conducted. A characterization of these
datasets is provided in Table 1.

Dataset Rows Columns Size (Mb)

Covid infections 4623663 19 585
Solar production 2782080 15 399
Temperature 2434608 20 351
Car prices 1957675 1108 4160

Table 1. Characterization of the datasets used.

The original datasets were obtained and pre-processed. This included, among other
tasks, encoding certain variables or removing outliers. Outliers were removed from the
original dataset using the 1.5 × IQR rule. The interquartile range (IQR) is obtained
from Equation (1), in which q75 and q25 represent the first and third quartile, respec-
tively.

iqr = q75 − q25 (1)

Then, the lower and upper limits for removing outliers are given by Equations (2)
and (3), respectively.
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Figure 3. Methodology followed in each of the experiments.

lower = q25 − 1.5× iqr (2)

upper = q75 + 1.5× iqr (3)

Next, each dataset is filtered by the dependent variable, as given by Equation (4) in
which x denotes each instance of dataset X.

filtered = {x ∈ X | x < upper ∧ x > lower} (4)

These processed datasets were uploaded to the HDFS. Then, a series of ML exper-
iments were conducted as follows. The datasets were first shuffled and then split into
train and test subsets using a 75/25 ratio. The train sets were used for training the
different Ensembles while the test sets, which were held out, were only used for testing
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the Ensembles and their ability to generalize.
Over the experiments, the HDFS was successively configured with different block

sizes B = [4, 8, 16, 32, 64] (in Mb). This resulted in each data set being split into
different numbers of blocks depending on their size.

For each block size and each dataset, three different heuristics for building Ensembles
were tested, deemed H1 to H3, detailed further below. This means that a total of 60
Ensembles were trained: 5 block sizes × 4 datasets × 3 heuristics. These Ensembles
have different numbers of base models, depending on the block size.

The algorithm for each base model was selected randomly, and the standard con-
figurations described in Table 2 were used. In the case of Neural Networks, the use of
the different activation functions was also selected randomly. This means, on the one
hand, that the Ensembles created are heterogeneous and, on the other hand, that if
the process is repeated the results might vary slightly, as the choice of the algorithms
is random. However, given the size of the data, the variation should not be significant.

CEDEs uses the scikit-learn library. Specifically, in this study, three al-
gorithms were used: Random Forest (sklearn.Ensemble. RandomForestClassi-
fier), Decision Tree (sklearn.tree.DecisionTreeClassifier) and Neural Network
(sklearn.neural_network.MLPClassifier). The three tested heuristics work as follows:

• H1 - The Ensemble is created following a Bagging approach, with all the base
models being considered. However, each base model has a weight that is inversely
proportional to its quality, given by the Root Mean Square Error (RMSE) cal-
culated through 5-fold cross-validation.
• H2 - The Ensemble is created following a traditional Bagging approach, with all

the base models being used, and each having equal weight.
• H3 - The Ensemble is created by selecting only the top 50% base models, and

with all selected models having the same weight. Models are ranked by their
RMSE, calculated through 5-fold cross-validation.

The mathematical formula for calculating the RMSE (see [32]) is:

RMSE(y, ŷ) =

√∑N−1
i=0 (yi − ŷi)2

N
(5)

In H1, the weight of a given model m in an Ensemble of n models in which εi
represents the error metric (RMSE) of model i is given by:

Wm =

∑n
i=1 εi, i 6= m∑n

i=1 εi
× 1

n− 1
(6)

In this process, as in the development of CEDEs, we assume that the data may not
be evenly distributed, that is, there may be trends and fluctuations, and the items in
different blocks (or in the same block for that matter) may be taken from different
probability distributions. This may result in significant fluctuations in model perfor-
mance across the base models of an Ensemble, depending on their input blocks, which
are explored by the Optimization module, that may use different criteria to build the
best possible Ensemble (e.g., using a subset of the best models).

We also assume that all the instances are from independent events:
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Algorithm Parameter Value

Decision Tree

max_depth 25
min_samples_split 2
max_leaf_nodes infinite
ccp_alpha 0.5

Neural Network

hidden_layers_size (100, 50, 20)
activation relu/tanh
solver adam
alpha 0.0001
learning_rate constant
max_iter 150

Random Forest max_depth 10
nr_estimators 10

Table 2. Configurations used to train the heterogeneous Ensembles (defined randomly).

∀i 6= j p(x(i), x(j)) = p(x(i))p(x(j)) (7)

That is, there is no relationship between instances, including temporal/order re-
lationships, while datasets such as these might be used in CEDEs, the algorithms
implemented so far are not the most adequate for these tasks. In summary, CEDEs
was designed and validated in scenarios of independent non-identically distributed
data [33].

As the base models are trained, their quality is estimated by means of the RMSE,
in two ways. First, the RMSE is calculated through 5-fold cross-validation, during the
training process. Then, since there is a test set for each dataset, it is also calculated
on the test set, to evaluate its ability to generalize.

This is also relevant to determine to which extent the cross-validation RMSE is a
good indicator of future model quality, since in H1 we are using this RMSE to obtain
the weight of the model, and in H3 to select the top 50% models. A strong correlation
between both RMSEs will indicate that such assumption is valid, and that the cross-
validation RMSE can be used as a reliable indicator of model quality. In a scenario in
which the test data is, for some reason, very different from the training data, as with
concept drift, this might not hold true. A low correlation would thus point that out.

For this reason, in the following section, we start by comparing the cross-validation
RMSE with the RMSE on test data. Then, we analyze the values of RMSE of each
block size and heuristic, to find the best configuration for CEDEs.

6. Results

As described in the previous section, we started by analyzing how the RMSE of the
Ensembles calculated through cross-validation correlates with the RMSE calculated on
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Dataset 4 MB 8 MB 16 MB 32 MB 64 MB

Covid infections 0.79 0.66 0.63 0.35 0.31
Solar production 0.93 0.94 0.99 0.99 0.98
Temperature 0.99 0.99 0.99 0.99 0.99
Car prices 0.29 0.25 0.43 0.71 0.99

Table 3. Correlations between the RMSE measured through 5-fold cross-validation and on the test data.

the test data. In this section, when individual values of RMSE are mentioned or ana-
lyzed (such as in the following figures) we show the absolute value of RMSE. However,
when the performance of different models (for different datasets) is compared, we do
it as a percentage of the range of values of the dependent variable. This is to remove
the dependency of the RMSE on the scale of the dependent variable, so that a fair
comparison between different ML problems can be done.

Two interesting trends emerge from the analyzis of Table 3. In the Covid infections
dataset, the trend is for the correlation to be weaker as the block size increases, whereas
in the remaining three datasets, the correlation generally gets stronger as the block
size increases. The latter is the expected and intuitive behavior and it indicates that
smaller block sizes might lead to base models whose performance, albeit good, might
be misleading in the sense that it might not translate to new data. That is, models
that do not generalize well.

Figure 4 depicts this information visually, for the 32 MB block size. Each dot repre-
sents one base model. The x-axis contains the RMSE measured through 5-fold cross-
validation, while the y-axis contains the RMSE measured on the test set.

14



(a) Covid infections (b) Solar production

(c) Temperature (d) Car prices

Figure 4. RMSE measured through cross-validation vs. RMSE measured on the test dataset, for the 32MB
block size. This allows to determine the extent to which the performance of base models (local), measured
through cross-validation, is a good indicator of generalization (RMSE measured on the test set).

Asides from the Ensembles trained following the methodology described in the pre-
vious section, and in order to compare their performance with a baseline, one Random
Forest was also trained for each dataset, using all of the data. The RMSE of the
Random Forest was calculated through 5-fold cross-validation.

Since the RMSE depends on the scale of the dependent variable, models for different
problems cannot be directly compared. For this reason, and in order to be able to draw
general conclusions, we conduct an analyzis in terms of the RMSE divided by the range
of the outlier limits of the dependent variable, calculated using the 1.5 IQR rule. This
information will give the error as a percentage of the range of values.

Analyzing Tables 4-6, it can be generally concluded that as the block size increases,
the error decreases. There is, however, the already discussed drawback that a larger
block size also results in a lower level of parallelism, as there are fewer candidate nodes.
Finding the optimum block size is paramount to maximize parallelism while minimizing
error metrics.

It is clear that the Covid infections dataset is the most challenging one, both for
CEDEs and for a standard Random Forest, due to the characteristics of the dataset:
this is a time-series of historic data concerning Covid infections. Forecasting time-series
data, which has specific components such as seasonality, trend, or cyclical variations,
is challenging and usually requires more specific algorithms such as ARIMA or LSTM.

The different characteristics of this dataset are also visible when analyzing the cor-
relations between the cross-validation and test errors. In all the other datasets, this
correlation increases with the block size, as the more data there are in each block, the
closer it will be to the full data or to the test data (better generalization of the model).
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In the case of the Covid dataset, the opposite occurs.
In terms of model performance, the error of the baseline Random Forest is 6.68% (of

the range of values of the dependent variable). In the case of the Ensembles trained,
this error ranges from 7.4% (H1, 64 MB) to 8.02% (H3, 4 MB). The baseline Random
Forest outperforms our Ensembles in every scenario, although the results are close.

The remaining datasets hold generally better results, both in the baseline Random
Forest and in our Ensembles.

In the Solar production dataset, the baseline Random Forest has an error of 0.08%.
Like with the Covid infections dataset, the baseline Random Forest outperforms our
Ensembles in all scenarios tested. The best Ensemble for this dataset was obtained for
H3 and a block size of 32 MB (0.41%). The worst performance happens with H2 and
a block size of 16 MB (0.67%).

The situation is different in the other two scenarios, in which the proposed approach
is able to outperform the baseline Random Forest.

In the Temperature dataset, the baseline Random Forest has an error of 0.078%.
CEDEs outperformed this in all the 15 scenarios tested for this dataset. The best
performance was observed at H3 with a block size of 32 MB (0.022%). The worst
performance was 0.0317% and was observed twice, in H1 and H2 with 4 MB.

Finally, when it comes to the Car prices dataset, the baseline Random Forest has an
error of only 0.001%. The best Ensemble obtained by CEDEs is able to outperform it
with an error of 0.0002%. This happens with H3 with 32 MB. The worst performance
was observed in H2 with 4 MB (0.022%).

H1 - Bagging Ensemble, base model weight inversely proportional to RMSE

Dataset RF 4 MB 8 MB 16 MB 32 MB 64 MB

Covid infections 6,6893 7,8571 7,7857 7,6500 7,6393 7,4000
Solar production 0,0787 0,5941 0,6353 0,6634 0,5135 0,5210
Temperature 0,0783 0,0317 0,0304 0,0313 0,0288 0,0271
Car prices 0,0010 0,0221 0,0197 0,0091 0,0167 0,0065
Table 4. RMSE in percentage of the scale of the dependent variable, for each block size and heuristic H1.

H2 - Bagging Ensemble, all base models have the same weight

Dataset RF 4 MB 8 MB 16 MB 32 MB 64 MB

Covid infections 6,6893 7,8571 7,7857 7,6464 7,6393 7,4036
Solar production 0,0787 0,5941 0,6372 0,6672 0,5229 0,5360
Temperature 0,0783 0,0317 0,0304 0,0313 0,0292 0,0275
Car prices 0,0010 0,0222 0,0197 0,0093 0,0193 0,0090
Table 5. RMSE in percentage of the scale of the dependent variable, for each block size and heuristic H2.

Next, we present a visual analyzis of the performance of some of the Ensembles
trained. Since H3 is the best performing heuristic (i.e., is the best heuristic for the
temperature and car prices datasets, even comparing to the baseline Random Forest)
and to avoid making the paper too large, we restrict our analyzis to this heuristic.

Figures 5 to 8 depict the results for the Covid infections, Solar production, Temper-
ature and Car prices datasets, respectively. The figures represent the observed values
(x-axis) vs. the values predicted by each Ensemble (y-axis). In this case, the units of
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H3 - Ensemble with the top 50% base models (RMSE), all base models have the same weight

Dataset RF 4 MB 8 MB 16 MB 32 MB 64 MB

Covid infections 6,6893 8,0214 7,9143 7,7964 7,6571 7,4321
Solar production 0,0787 0,4591 0,4779 0,5135 0,4123 0,4160
Temperature 0,0783 0,0242 0,0233 0,0267 0,0221 0,0238
Car prices 0,0010 0,0101 0,0178 0,0100 0,0002 0,0061
Table 6. RMSE in percentage of the scale of the dependent variable, for each block size and heuristic H3.

the axes are those of the original target variable. The diagonal represents the line of
perfect prediction. That is, the closer the points are to the diagonal the better, meaning
the predicted values are closer to the real ones.

As discussed before, the Covid infections dataset is by far the dataset in which results
are worst. However, the same happens with the baseline Random Forest so this can be
attributed to this being an intrinsically complex problem, or the variables present in
the dataset being of little relevance.

In the rest of the datasets, the behavior of the Ensembles is much more satisfactory,
especially in the Car prices dataset in which at 32 MB the predictions are nearly perfect,
while in other block sizes, there seems to be a small bias towards underestimating the
real value.

7. Discussion, Conclusions and Future Work

In this paper, we presented CEDEs - a distributed environment for Machine Learning
applications. CEDEs has several innovative key aspects, one of the more relevant being
that Ensembles can be assembled in real-time, based on the available base models, and
on other requirements such as the state of the cluster. This not only makes it a very
dynamic approach, but it also allows it to maintain Ensembles updated through time,
by adding new base models and removing others. This is all done by the optimization
module, which is still not fully developed yet.

The objective of this paper was focused on a more specific but relevant aspect: to
study how block size and different heuristics for building the Ensemble affect its quality.
Specifically, we wanted to determine if one particular heuristic appears to be generally
better, as well as a particular block size.

To this end, three different heuristics were tested, which were described in Section
5. Concerning the implemented heuristics, H3 appears to hold generally lower error
rates. This is a heuristic that considers only the best 50% base models available (inde-
pendently of their number) and in which each model has the same weight.

This is a promising result as it points out that smaller Ensembles might outperform
more complex ones. A possible conclusion is that the worst-performing base models
might be contributing negatively to the performance of the Ensemble. This will allow
for the implementation of a more efficient management of the base models. Namely,
those that are continuously left out of the Ensembles due to their poor performance
might eventually be deleted and removed from the HDFS, thus freeing resources. The
only scenario in which H3 did not perform better was in the Covid infections dataset.
However, this dataset is clearly a difficult one for the algorithms considered since it is
a time-series dataset, so it should not cast doubt on the adequability of H3.
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Another interesting result is that in all scenarios, the 32 MB block size outperforms
all other options. From the perspective of the development of CEDEs this is interesting
as it also represents a good compromise between parallelism, coordination overhead and
Ensemble size. That is, smaller block sizes would increase coordination overhead, but
apparently they also have worse results, so they should be avoided. Larger block sizes
would decrease this overhead, but the results also appear to worsen. So, from these
results we conclude that 32MB is the optimal block size.

However, we would also like to point out that the goal of this work was not to achieve
the best results possible for each dataset, but to find the best heuristic and block size.
In fact, we used standard configurations for each algorithm, arbitrarily defined, and
equal overall problems. Better results would no doubt be obtained if an effort was put
into trying to find better configurations, through trial and error or using some heuristic
such as a grid search.

Still, the results are considered satisfactory. In two out of four datasets (namely,
Temperature and Car prices), CEDEs outperforms a standard Random Forest. In the
other two datasets (Covid infections and Solar production) the results were very similar.

The use of Ensembles for implementing the heuristics has both advantages and
disadvantages. While, on the one hand, it allows to efficiently adapt the model and
minimizes the risk of overfitting, on the other hand it reduces the interpretability of
the models, as these become more complex. Thus, they generally fail to provide insights
into the underlying relationships between features and outcomes. In the future, we will
include developments from the field of explainable AI [34] in CEDEs, which is currently
one of the most relevant topics of research in AI, namely by integrating model-agnostic
approaches such as LIME [35] or Shapley values [36].

Another potential issue, which will be addressed in future work, is bias detection.
Indeed, Ensemble machine learning models are often used to improve the accuracy and
robustness of predictions by combining the outputs of multiple base models. While
they can be effective at reducing variance and improving generalization performance,
they can also be susceptible to bias in certain cases.

One potential source of bias in ensemble models is the selection of base models. If
the base models are all trained on similar data or use similar algorithms, they may
all make similar errors or exhibit similar biases, which can be amplified when their
outputs are combined. Therefore, it is important to ensure that the base models are
diverse and complementary, and that their biases are not correlated. We are currently
working at including each block’s meta-features into the optimization module, so that
data diversity can also be used as a criteria for selecting base models.

Another potential source of bias is the aggregation method used to combine the
outputs of the base models. If the aggregation method is biased towards certain types
of predictions or certain classes, the ensemble model can inherit this bias. For example,
if the aggregation method always selects the prediction of the base models with the
highest confidence, it may favor overconfident predictions and be biased towards certain
classes. In this regard, in the future, we will first, implement a bias monitoring module
and, next, implement measures to prevent or deal with bias when it occurs.

In future work, we will expand this analyzis by including both additional datasets
and larger block sizes. Indeed, we are aware that the block sizes tested are relatively
small, given that the standard block size of HDFS is 128 MB. However, this analyzis
is necessary to find the optimum point which, as the results point out, appears to
be around 32 MB. However, although this holds true for the four datasets used, we
acknowledge that this may depend on the characteristics of the datasets. Studying
additional ones will allow us to be more confident in that regard.
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Based on the findings of this paper, we will also implement a model management
module that will track the usefulness of each base model, that is, the number of times
in which it was selected to be part of an Ensemble. This module will then, over time,
remove base models that are not used by H3, freeing up resources in the cluster.

In conclusion, the work conducted allowed us to ascertain the ability of CEDEs to
produce valid and useful predictive Ensembles and to determine the best block size and
heuristic to create those Ensembles. Thus, it sheds light on important decisions that
must be taken during its implementation and provides the grounds for those decisions.
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(a) 4MB (b) 8MB

(c) 16MB (d) 32MB

(e) 64MB

Figure 5. Predicted values vs. observed values (number of infections) for the Covid infections dataset, using
different block sizes. The solid line represents the region of a perfect prediction. Base models for this time-series
problem have generally poor performance since the algorithms used are not specific for time-series.
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(a) 4MB (b) 8MB

(c) 16MB (d) 32MB

(e) 64MB

Figure 6. Predicted values vs. observed values for the Solar production dataset (Watts), using different block
sizes. The solid line represents the region of a perfect prediction. The lowest error is obtained at 32MB.
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(a) 4MB (b) 8MB

(c) 16MB (d) 32MB

(e) 64MB

Figure 7. Predicted values vs. observed values for the Temperature dataset (oC), using different block sizes.
The solid line represents the region of a perfect prediction. The lowest error is obtained at 32MB.
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(a) 4MB (b) 8MB

(c) 16MB (d) 32MB

(e) 64MB

Figure 8. Predicted values vs. observed values for the Car prices dataset, using different block sizes. The
solid line represents the region of a perfect prediction. The lowest error is obtained at 32MB.
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