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Abstract: This paper presents the utilization of the Data Analysis Smart System (DASS) of ARM-
NANO in a nanotechnology application in electronic health. We made a special approach to the
liver situation for patients that have been monitored with respect to two variables concerning their
liver status: the Mean Corpuscular Volume (MCV) and the Alkaline phosphotas (ALKPHOS). These
variables are analyzed using the autonomous cycle “Conditioning Thinking Mode” (CTM), one of the
two autonomic cycles of data analysis tasks that make up the DASS. In this sense, an optimization
problem is defined to determine the optimal deployment of nanosensors (NSs) for the proper deter-
mination of liver status. The application of genetic algorithms (GA) allows us to find the optimal
number of NSs in the system to precisely determine the liver status, avoiding a large data volume. In
total, we evaluated its implementation in two case studies and carried out a hyperparameterization
process for assuring the definition of the key parameters. The greatest propensity is to place NSs
in the regions close to the liver, becoming saturated as the amount of SNs increases (they do not
improve the quality of the liver status value).

Keywords: autonomic computing; data analysis; combinatorial optimization problem; nanotechnology

1. Introduction

At present, data processing occurs in nanodevices; nonetheless, there are many chal-
lenges to solve at that nanolevel of processing [1]. These challenges are due to the fact
that the tiny size of the 10−9 m materials makes it difficult to handle them in terms of
their analysis. The nanoworld is primarily governed by fluid transmission (through air,
blood, organic solvent, water, etc.), which makes these systems very dynamic, and this
includes perse, a source of noise, dispersed data, and infrequency in the data collection,
among other aspects. In previous works, we have proposed a middleware, called ARM-
NANO (Autonomic Reflective Middleware for the Management of Nanodevices) [2], for
the management of nanodevices, e.g., in the human body. In this context, it analyzes the
nanothings moving alongside the circulatory structure in the body [1,3]. In particular,
in nanotechnology applications, the nanodata treatment is very important, and it is in
this context that ARMNANO is useful for proposing autonomous cycles of treatment of
the nanodata.

In general, a nano-composed system contains nanodevices such as the nanoactuators
(NAs), the nanosensors (NSs) and the nanorouters (Ros), where each of them exerts specific
tasks, such as executing an action (cutting, moving, etc.) in the case of a NA; measuring
a variable, in the case of an NS; or addressing a signal from one device to other in the
case of a Ro. ARMNANO has been defined to manage all of the hardware and software
nanocomponents of an architecture to be applied flexibly in varied contexts.

In this work, we study the utilization of ARMNANO for nanodata analysis in the
context of eHealth solutions [2,4]. The ARMNANO middleware will be examined in this
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publication regarding the data analytics focus. To this end, we employ the Autonomic
Cycles (ACs) defined in the Data Analysis Smart System (DASS) [5] of ARMNANO [6].
Herein, the data analysis can be carried out by any of the three ACs, depending on the
situation of the context. The three ACs are the Conditioning Thinking Mode (CTM), the
Optimizing Thinking Mode (OTM), and the Fixing Thinking Mode [5], which define a
complete framework for the treatment and analysis of the nanodata collected by the system.

The eHealth applications are not a new area to study, but the implementation of
nanosensors and nanoactuators is a novelty. Millery et al. [7] defined a health informatic
architecture incorporating information from either nanodevices or not. On the other hand,
Divya et al. [8] designed an architecture embedding an NS device set. However, in these
previous works, there is no analysis of the NSs to be deployed (how many and where)
depending on the problem to be solved. For ARMNANO, the deployment of NSs is a
problem to be solved, for which it requires mechanisms that allow for optimizing the use
of NS. For the data analysis handled by ARMNANO, the adequate capture of the nanodata
(site, frequency and quality, among other things) is required in such a way to generate the
appropriate solutions based on those collected data analyzed by integrating them with
other nanodevices.

Thus, this work is dedicated to the determination of the NS that should be deployed in
a medical context, in order to later be able to perform analysis tasks of these nanodata using
ARMNANO. This is a combinatorial optimization problem that, in our case, is intended to
be solved using genetic algorithms (GAs) [9–12]. Specifically, DASS solves this optimization
problem using the CTM-AC. We test our approach in a case study to monitor the liver, in
order to determine its status [13–15]. The research questions posed in this study are: Is
it possible to perform data analysis tasks to meet the context objectives using nanodata?
From there, is it possible to define the NSs required to capture the nanodata in data analysis
tasks? Thus, the contributions of this work are: (i) the definition of an intelligent system
based on nanotechnology for data analysis for e-health applications; (ii) the definition of an
approach based on GA to determine the NSs that should be deployed in a medical context
for nanodata analysis tasks; (iii) the definition of a nanodata-based approach to monitor
the state of a liver.

This paper is organized as follows: it presents the related works in Section 2. Section 3
is presents ARMNANO and its ACs. Section 4 describes the CTM in our context, as well as
the optimization problem. Finally, Section 5 presents the results in different experimental
scenarios. Finally, the paper describes the conclusions of the work.

2. Related Works

Leong et al. [16] proposed several NSs for biosensing with machine learning algorithms
for the in situ and on-time detection of unknown diseases. They proposed NSs such as
those based on Fluorescence, Surface Enhance Raman Scattering, and electrochemical,
etc. The authors proposed a smart design of these NSs, depending on the environment,
required sensitivity, target disease and experimental technique. Akyol et al. [17] carried
out a study of the utilization of genetic algorithms for the definition of nano-architectures.
They define three main approaches, one of them based on genetic algorithms: the form-
finding strategies helped by genetic algorithms, the hybrid designs with nanomaterials or
nanosensors, and the living architectures. Dorj et al. [18] designed an Intelligent Healthcare
Data Management System for the human body. The summarized design comprises a mobile
device that connects to the NSs and reads the measurements; this information then is sent
to the PC server, and the server acknowledges the mobile.

The overfitting of the machine learning algorithms has been addressed through the use
of GAs to perform a feature selection. Bushko [19] found that a Logistic Linear Regression
applied to determine the state of health on a large-scale healthcare database is better if a
variable selection is made through a genetic algorithm. In their work, the GA determines
the most important variables as age, diabetes, kidney and affectation, among others. In
addition, the GAs were applied by Mehr et al. [20] to find out the best Metal-Organic
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Framework (MOF) combination in a gas NS in order to discriminate between O2, CO2 and
N2. GA studied 961 gas mixtures and the best combination contemplated a remarkable
structural diversity such as pore sizes, and surface area, among others. Niroumand et al. [21]
report the varied applications of GAs in medicine, in areas such as radiology, radiotherapy,
rehabilitation, etc. The applications came mostly from disease detection and diagnosis,
treatment planning, among others. For instance, in radiology, they found that it is applied
in the detection, segmentation and classification of normal and pathological patterns
appearing in magnetic resonance, compute tomography, etc. In addition, the research of
Severson et al. [22] applied GAs in medical diagnostics, for instance, in the understanding
of ECGs, plaque of the thorax, or any kind of imageology taken on the patient.

Mejia-Salazar et al. [23] analyze several NSs, specifically lab-on-a-chip biosensing
devices such as plasmonic sensors, electronic tongues and colorimetric sensors coupled
to smartphones. These NSs can be used in big data analysis for classification problems
in the context of wearable and handled biosensing platforms for healthcare systems. The
work of Chakravarthy et al. [24] proposes a monitoring healthcare system based on the
Internet of nanotechnology (IoNT). In particular, IoNT can be used for diagnosis and
treatment, as well as e-health monitoring, among other applications. This work explores
these applications. Mujawar et al. [25] describe a personalized healthcare management-
related analytical tool based on biosensors for early-stage disease detection. They use the
low-level detection of a targeted disease biomarker (pM level) to evaluate the progression
of the disease under therapy. This information is collected and analyzed in multi-aspects to
determine the effectiveness of a prescribed treatment, optimize therapy, and correlate the
biomarker level with the disease pathogenesis. The work [26] discusses the applications
of IoNT in the context of healthcare issues, and highlights the steps undertaken to uplift
healthcare in India. They analyze how nanomedicine, along with IoNT, would change the
very basis of investigating, curing, and preventing diseases. In particular, they remark
that e-health systems will allow more customized, well-timed, and convenient as well as
cost-effective, investigation, medication, and tracking of health. Singh et al. [27] compile
the up-to-date data on the nano-enabled wearable sensors for IoT and discuss their future
aspects and challenges. In particular, they consider the nano-enabled wearable sensors for
the internet of things (IoT) and their applications in the diagnosis domain of pollutants,
diseases, contaminants, etc., regardless of the time and place.

In general, the previous works talk about the use of nanodata, they analyze the
advances enabled by nanotechnology, particularly for the detection, diagnosis, and man-
agement of diseases in a personalized context. They explore the nanodata analysis processes
and the fusion of IoT and nanotechnology, among other things. Nevertheless, to the best of
the authors’ knowledge, there are no previous works concerning the analysis of the NSs to
be deployed (how many and where) in nanoarchitecture in a given context. In this work,
we define it as a combinatorial optimization problem, and we identify which component of
ARMNANO must solve this problem using genetic algorithms.

3. Materials and Methods

The ARMNANO architecture is a multilayer architecture that provides services for
nanodevices. The ARMNANO architecture is organized into two levels (see Figure 1):
the base level and the meta-level. Furthermore, ARMNANO has a transversal structure,
called the Data Analysis Smart System (DASS), which performs data analysis tasks using
nano-data, delivering the appropriate services to palliate issues in the context. The platform
as a whole is decentralized and autonomic, in order to allow the self-configuration for data
transmission and commands delivery.
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Figure 1. ARMNANO middleware [2].

The base-level in ARMNANO is named NSAPL. It contains physical devices such as
the NS, NA, Ro, and the microgateway. Then, the abstract views of the nanodevices in
the NSAPL layer are deployed as logical agents, called NaS and NaA, in the metalevel.
Elsewhere, at the meta-level, ARMNANO has five layers, which are MMAL, CmNA, SML,
CAL, and OEL, that provide services with respect to context characterization and cloud
connection, among other things.

3.1. Autonomic Cycles in ARMNANO

ARMNANO is composed of three ACs [5], which are deployed in the DASS. An AC
has been defined in previous works as a group of data analysis tasks that work together to
achieve an objective [28]. Each task has a different role, some to monitor, others to analyze,
and others to make decisions about the process. This concept has been used in different
fields [29–31]. In the context of ARMNANO, these ACs are the CTM that configures the
nanodevices of the context in order to reach certain goals; the OTM that is executed to
optimize the behavior of the nanodevices; and finally, the FTM that is invoked when there
is a catastrophic change in the context in order to fix/determine the new environmental
variables to reach in the nano-environment.

In the following, we detail the CTM AC. We consider this AC because it is the first
input we obtained from the context under observation. In particular, this AC is responsible
for determining the NS configuration to be used when deploying ARMNANO in a current
application case. Thus, it is responsible for solving the combinatorial optimization problem
that lies behind that objective.

3.2. Description of the CTM AC

This AC must determine the NSs to be deployed for the specific data analysis tasks that
are carried out in the context (See Figure 2). It is composed of four tasks, as defined in [5]:
Task 1 contemplates the most basic action in the AC, the measurement of the variables, Vi.
Task 2 performs the authentication of this data, to send only truthful information to the
DASS server, Tasks 3 and 4 involve more complex actions, which are outlined in detail later.



Algorithms 2023, 16, 81 5 of 13Algorithms 2023, 16, x FOR PEER REVIEW 5 of 13 
 

 

Figure 2. Tasks for the CTM-AC. 

3.3. Definition of the Tasks 

ARMNANO has specific data analytic tasks in each AC. In Table 1, we describe the 

tasks of the CTM-AC. 

Table 1. Definition of the tasks for the CTM-AC. 

Task Name Data Collection Mode Data Source 

Task 1 Observation of the nanocontext NS node measurement 

Task 2 
Data validation in the CmNA 

layer [2] 
Mc unit data delivery to DASS [6] 

Task 3 Data analysis in DASS  Data previously prepared [6] 

Task 4 NA node-released action 
Results generated by the ML tech-

niques 

Task 1, Capture the information in the nanocontext with the NS: this task is specific to the 

NSs deployed in the observed space. This task collects the data in the nanocomposed con-

text. The architecture should discern the NS distribution. Additionally, it must assign a 

mode of communication for the NSs, which can be electromagnetic or molecular-based 

communication [2]. 

Task 2, Authenticate data through the CmNA deployment: the main aim of the authenti-

cation is to discard noise, false positives, and true negatives. If the data is already authen-

ticated, then it passes to Task 3. This task applies the Authentication Data Protocol (ADP). 

Specifically, these tasks apply the ADP that consists of two levels. The 1st level analyzes 

the typical metrics of the data, such as the average, standard deviation, and variance. The 

2nd level applies the Maximum Likelihood Estimation (MLE) model to determine the qual-

ity of the data source. 

Task 3, Detect the abnormal situation by modelling authenticated data: this task uses the 

MLE model or other Machine Learning (ML) techniques, or a combination of them, to 

study the abnormal situations. 

Task 4, Define the action exerted by the NA node in the nanocontext: a command defined 

by this AC is executed in the DASS, so that the NA node performs the actions. Some of 

these actions can be delivering medicament, destroying a fatty spot, localized organelle 

reparation, or cutting a specific internal spot. This node is devoted to only one function, 

such as cutting, moving, shifting, tapping, etc. The data source is the output of the models 

generated by the ML techniques in the previous task. 
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3.3. Definition of the Tasks

ARMNANO has specific data analytic tasks in each AC. In Table 1, we describe the
tasks of the CTM-AC.

Table 1. Definition of the tasks for the CTM-AC.

Task Name Data Collection Mode Data Source

Task 1 Observation of the nanocontext NS node measurement
Task 2 Data validation in the CmNA layer [2] Mc unit data delivery to DASS [6]
Task 3 Data analysis in DASS Data previously prepared [6]
Task 4 NA node-released action Results generated by the ML techniques

Task 1, Capture the information in the nanocontext with the NS: this task is specific to the NSs
deployed in the observed space. This task collects the data in the nanocomposed context. The
architecture should discern the NS distribution. Additionally, it must assign a mode of commu-
nication for the NSs, which can be electromagnetic or molecular-based communication [2].

Task 2, Authenticate data through the CmNA deployment: the main aim of the authen-
tication is to discard noise, false positives, and true negatives. If the data is already
authenticated, then it passes to Task 3. This task applies the Authentication Data Protocol
(ADP). Specifically, these tasks apply the ADP that consists of two levels. The 1st level ana-
lyzes the typical metrics of the data, such as the average, standard deviation, and variance.
The 2nd level applies the Maximum Likelihood Estimation (MLE) model to determine the
quality of the data source.

Task 3, Detect the abnormal situation by modelling authenticated data: this task uses the
MLE model or other Machine Learning (ML) techniques, or a combination of them, to study
the abnormal situations.

Task 4, Define the action exerted by the NA node in the nanocontext: a command defined
by this AC is executed in the DASS, so that the NA node performs the actions. Some of
these actions can be delivering medicament, destroying a fatty spot, localized organelle
reparation, or cutting a specific internal spot. This node is devoted to only one function,
such as cutting, moving, shifting, tapping, etc. The data source is the output of the models
generated by the ML techniques in the previous task.

3.4. Genetic Algorithms (GA)

A GA is a metaheuristic based on the process of natural selection, which is commonly
used to solve optimization problems. It uses biologically inspired operators, such as muta-
tion and crossover, to generate high-quality solutions. A GA is composed of a population
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of individuals (candidate solutions to an optimization problem) [32]. Each individual has a
set of properties (they define its chromosome), which determine its quality using a fitness
function. The GA makes the evolution of the population in an iterative process (each
iteration is called a generation). In each generation, the quality of each individual in the
population is evaluated using the fitness function (normally, it is the objective function of
the optimization problem to solve). The best individuals are selected, and each chromosome
is modified using the genetic operators. In this way, a new generation is built to be used
in the next iteration. Frequently, the algorithm ends according to a maximum number of
generations, or when a good fitness value has been reached.

4. Results

Herein, we expose the instantiation of the CTM AC to study the NS deployment
problem in the context of health solutions to an affected person or group of people.

4.1. Description of the Case Study

In the eHealth solutions field, there are plenty of specific sub-fields for applications;
nonetheless, one of the most interesting is related to hepatic diseases, meaning those
diseases connected to liver’s failure. Actual statistics demonstrate that individuals in-
creased their alcohol consumption in the years 2020 and 2021, worldwide [33,34], which is
generating several diseases linked to the liver [35,36].

We are going to test our approach on a dataset that defines people of different ages
and genders to obtain a “big picture” and a “fine view” depending on the data used. Our
data set includes 347 individuals with respect to five indicators of liver status. Four of
them are enzymes and one is the Mean Corpuscular Volume (MCV). These variables are
represented in Table 2 with their normal range.

Table 2. Measured variables in the dataset to define the liver status.

Variable Normal Level

1. Mean Corpuscular Volume (MCV) The normal range is between 80–100 fL
2. Alkaline phosphotase (alkphos) The normal range is between 44 and 147 IU/L
3. Alanine aminotransferase (sgpt) The normal range is between 7 to 56 units/L in serum.
4. Aspartate aminotransferase (sgot) Normal range is between 8 to 45 units/L in the serum.
5. Gamma-glutamyl transpeptidase (gammagt) The normal range in adults is between 0 and 30 IU/L

SGOT enzyme: is an enzyme delivered when there is a tissue damage. Its concentration
increases drastically in cases of wound or damage. A magnitude in 50 units/L for men or
45 for women indicates damage.

SGPT enzyme: is an enzyme that is produced in several organs, but its major concen-
tration is found in the liver. The higher the concentration of this enzyme, the greater the
tendency for liver damage.

ALKPHOS enzyme: its function is to catalyze the hydrolysis of the phosphate in the
serum at alkaline pH. ALKPHOS is a specific variable for the liver.

Gammagt enzyme: measurements above 30 IU/L are directly connected to liver damage.
MCV : it is a measurement of the volume of the cell (measured in femtoliters, fL).

Above the 90 fL level is considered macrocytic anemia.
To prove the capabilities of the 3rd task in the CTM AC, we consider only the

ALKPHOS and MCV, for several reasons, including that the selection criteria to iden-
tify liver damage is when the enzyme concentration (any of them) is abnormally high,
which can be determined using ALKPHOS (chemical compound) and MCV (geometric
feature). They represent two different things measured in the same system, giving het-
erogeneity to our approach, as well as handling less information and discarding possible
sources of errors.

Based on the design of the ARMNANO, a set of NSs is locally injected into the patient´s
liver to perform the measurements. The NS nodes will track the two variables previously
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defined. The collected data concerning the context follow the characteristics required by
the CTM AC regarding the format (units, etc.), etc.

4.2. Case Study 1: Liver Status in a Unisensor System

Herein, we consider that a regular alcohol drinker is consuming a certain number of
glasses of alcohol, of any type, on a daily basis. He has gone to a Hepatologist to check his
liver condition, although he has not had evidence of drastic liver failure, or any indication
of pain. In this case, given that there is no previous register of this patient, there is a first
analysis considering the MCV and ALKPHOS values.

The CTM AC will consider the deployment of one nanosensor that measures the two
variables in the liver of the patient. Hence, we aim to determine the distance in the liver
(DCH) where the damage is bigger to apply a localized treatment.

Figure 3 outlines the specific tasks of the AC for this problem. Each task requires ML
techniques or data analysis.
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tient ś liver to perform the measurements. The NS nodes will track the two variables pre-

viously defined. The collected data concerning the context follow the characteristics re-

quired by the CTM AC regarding the format (units, etc.), etc. 

4.2. Case Study 1: Liver Status in a Unisensor System 

Herein, we consider that a regular alcohol drinker is consuming a certain number of 

glasses of alcohol, of any type, on a daily basis. He has gone to a Hepatologist to check his 

liver condition, although he has not had evidence of drastic liver failure, or any indication 

of pain. In this case, given that there is no previous register of this patient, there is a first 

analysis considering the MCV and ALKPHOS values. 

The CTM AC will consider the deployment of one nanosensor that measures the two 

variables in the liver of the patient. Hence, we aim to determine the distance in the liver 

(DCH) where the damage is bigger to apply a localized treatment. 

Figure 3 outlines the specific tasks of the AC for this problem. Each task requires ML 

techniques or data analysis. 

 

Figure 3. Instantiation of the CTM AC to the 1st Case Study. 

Task 1, Capture the information in the nanocontext with the NS: we deploy only one NS 

to measure the ALKPHOS and MCV. 

Task 2, Authenticate data through the CmNA deployment: we apply the ADP of the 

ARMNANO to each measured variable. 

Task 3, Apply the GA to understand the propensity for cirrhosis in a novel patient: we apply 

a GA to optimize the DCH variable due to the liver damage (see ranges in Table 2). 

Task 4, Define the action exerted by the NA node in the nanocontext: it exerts the 

command determined in Task 3. 

Figure 3. Instantiation of the CTM AC to the 1st Case Study.

Task 1, Capture the information in the nanocontext with the NS: we deploy only one NS to
measure the ALKPHOS and MCV.

Task 2, Authenticate data through the CmNA deployment: we apply the ADP of the
ARMNANO to each measured variable.

Task 3, Apply the GA to understand the propensity for cirrhosis in a novel patient: we apply
a GA to optimize the DCH variable due to the liver damage (see ranges in Table 2).

Task 4, Define the action exerted by the NA node in the nanocontext: it exerts the
command determined in Task 3.

4.3. Case Study 2: Liver Status in Multisensor System

Herein, the same patient is treated as in case 1, but several NSs are deployed, thus
conforming a multisensor (NS > 1) system, where each NS tracks the ALKPHOS and
MCV simultaneously. It generates plenty of data, thus deploying a more aware view of
the patient’ liver. A multisensor system requires specific optimum parameter settings
depending on the number of NSs (see Figure 4).

Task 1, Use the NSs multisensor systems in the liver to measure the ALKPHOS and MCV:
we measure the targeted variables using the NSs multisensor nodes.

Task 2, Authenticate the data from Task 1 using the ADP protocol: the ADP is executed to
find out the appropriate data values in the measured variables.
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Task 3, The CTM AC will consider the deployment of three NSs, five NSs, ten NSs,
twenty NSs and thirty NSs in the liver of the patient. Hence, we aim to determine the
distance in the liver (Distance from the end of the liver to the periphery, DCH) to apply a
localized treatment.

Task 4, Exert the decision in the liver by using the NAs acting locally: it comprises the
palliative action of the NAs to decrease the liver issue, for instance, to inject inhibitors of
the enzyme ALKPHOS.
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5. Numerical Results and Analysis
5.1. Specification of the Genetic Algorithm

A chromosome is defined as a vector of real numbers, with a size equal to 2, whose
elements will be: ALKPHOS, MCV and DCH:

chromosome = [ALKPHOS, MCV,]

where the general clinical ranges for a healthy liver are between 44 ≤ ALKPHOS ≤ 200
and 80 ≤ MCV ≤ 140. On the other hand, the ideal values of DCH to accurately determine
the status of the liver must be 0 ≤ DCH ≤ 160,000 (There is an equivalence between this
extreme value of DCH with the maximum longitudinal value of the liver (14.5 cm)). We
apply the evolving capabilities of the GA to determine whether, with these sensors, we
can sense the ALKPHOS and MCV variables that define a good value of DCH to monitor
possible damage in the liver. The objective function in our case determines the DCH based
on the ALKPHOS and MCV variables. According to the literature, this function is [35–37]:

FF = DCH = 0.05 ∗ ALKPHOS2 ∗ MCV (1)

where the constant 0.05 is used to remove the units of the variables. The optimization occurs
when the objective function is minimized (min(FF)), which means that we have values
sensed of the ALKPHOS and MCV that allow for determining a good value for DCH.

On the other hand, for the evolution of the chromosome, we use a directed mutation
to substitute the values of the elements of the chromosome randomly with those existing in
the databases of the context (monitored patient).

For the hyperparameter optimization of the GA has been used the next set of values:

• Number of generations: [10, 50, 100, 150, 200]
• Population size: [10, 30, 50, 70, 100]
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5.2. Case Studies

In the case studies, we are going to determine if it is possible, with the sensors, to
capture the two variables of interest in a patient, to obtain a DCH that allows for monitoring
the status of his/her liver. To do so, we conduct several simulations for different datasets
with the information of the patients, in a case of a healthy patient taken from [15], and in
others with diseased livers (cases of alcoholics (taken from [36])) and cases of other diseases
(taken from [37])).

Case 1:
This is the first test case using a single sensor per variable (1 NS). We run the hyper-

parameter optimization every time we launch the GA. For example, the best values for
each parameter for case 1 with the dataset [15] (it is the case of non-liver sick) are shown
in Table 3.

Table 3. Parameters of the GA for case 1.

Cycles Population Size

10 100

The system with one NS was executed, and the best chromosome obtained is shown
in Table 4, with the minimum best score (DCH).

Table 4. The best individual found in case 1 for the dataset [15].

ALKPHOS MCV DCH (FF)

76 85 24,225

According to these results, the best distance from one end of the liver to the periphery,
using the values of ALKPHOS and MCV for one of the patients in this dataset, is 24,225.
This means that with one NS, the liver of that patient can be monitored without problem.

Now, we test our technique on the other two diseased liver datasets. Table 5 shows
the results obtained with our GA for one NS.

Table 5. The best individual found in case 1 for datasets [36,37].

Dataset ALKPHOS MCV DCH (FF)

[36] 146.00 99.45 106,092.42
[37] 150 120 168,750

Table 5 reveals two phenomena. For the first dataset, it is possible to obtain a very
large DHC for the monitored patient; that is, it obtains values on the periphery of the liver
to analyze its status. This indicates that a single sensor can be injected. However, the most
relevant is that, in the second dataset, our GA cannot achieve a DCH, even in its periphery,
to monitor this patient, which indicates that we must try with more sensors (objective of
case study 2).

Case 2:
In this case study, the idea is to determine the appropriate number of sensors to be

able to monitor a sick patient. In particular, we are going to use several patients from the
dataset [37], which could not be monitored with one NS. On the other hand, in this case,
the length of the chromosome is variable, so its length n depends on the number of NS
used in that GA run. Thus, the chromosome t is represented as a vector of real numbers,
with a size equal to n.

Chromosome = [ALKPHOS1, MCV1, DCH1, ALKPHOS2, MCV2, DCH2, . . . ,
ALKPHOSn, MCVn, DCHn]
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The objective function, in this case, is given by:

FF = 0.05 ∗
n

∑
i=1

ALKPHOSi
2 ∗ MCVi) (2)

The hyperparameter optimization of the GA is conducted for each GA run with a
different n (multisensor system) for n equal to three NSs, five NSs, ten NSs, and twenty
NSs. The best results (individual) for each run are shown in Table 6.

Table 6. The best individual found in case 2 for the dataset [37].

No. of NSs DCH (FF)

3 NSs 162,500
4 NSs 156,500
5 NSs 132,000

10 NSs 132,000

Table 6 indicates that at least four sensors are required to correctly monitor the liver.
In addition, it indicates that having more than five sensors does not improve the accuracy
of the liver monitoring results.

Something interesting to determine is how to implement the NS. For example, in the
case of four NSs, considering the best individual, the liver can be divided into four zones
(see Figure 5): A, from 0 to 40,000; B, from 40,000 to 80,000 au; C, from 80,000 to 120,000 au;
and D, from 120,000 to 156,500. Therefore, each sensor must be injected into these areas to
obtain the data from the damaged area.
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The behavior of a multisensor system depends on the amount of NSs that are tracking
the liver. In addition, it determines the zones where the NSs will be deployed (see Figure 5).
On the other hand, a small o big number of NSs is not indicative of an optimal DCH, it is
a number that must be determined (in our case, four NSs or five NSs). In our example of
Figure 5, scaling to the size of the liver in a man of 14.5 cm, the GA determines the zones in
which to inject the sensors in a specific sick patient. A bigger data volume would reveal a
more precise zone, but a greater amount of NSs is required.
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As shown in Table 7, we conducted a test for a group of patients from the dataset [37]
with liver diseases. We see that the minimum number of NSs required by a patient is three,
but for the vast majority, five NS is enough to follow the state of their diseased livers.

Table 7. The best individual found in case 2 for the dataset [37] and different patients.

Patient No. of NSs DCH (FF)

1 4 NSs 156,500
2 5 NSs 152,500
3 3 NSs 158,000
4 5 NSs 148,000
N 5 NSs 155,500

In general, for a patient with more complex liver disease, a more accurate view of the
liver is required (involves more NSs). With more NSs, a more precise view of the liver can
be obtained (more areas can be monitored) to follow all the damaged parts of the liver.

Consequently, task 4 of the CTM AC determines the NSs to be injected and in which
areas of the liver. Task 4 continues to observe the liver, and if it determines that it must
recalculate the NSs, then it does so in the next iteration.

6. Conclusions

Through the DASS, it has been possible to deploy ARMNANO in a medical context,
which is often complicated. In particular, this work implemented the CTM AC to determine
the number of NSs to be deployed to supervise the liver in patients.

The problem of the determination of the optimal number of NSs to monitor the liver
in a patient was analyzed as an optimization problem. The first case study is for one NS,
and as a multisensor system in case study 2. In this second case study, the capability of the
GA to estimate the number of NSs is evaluated: three, four, five, etc. With one NS, only
very simple cases of patients (not liver-sick, etc.) can be monitored. On the contrary, the
multisensor system can evolve with the GAs to determine the correct number of NSs to be
used and, additionally, the zones where the NSs must be deployed in the liver.

Future works will analyze the application of this methodology in other case studies,
application domains, etc. In addition, it must be integrated with the rest of the DASS
components and the ARMNANO middleware. Finally, returning to the comment from the
previous section on how to deploy/implement the NSs, future work should specify the
procedure to determine where to place the NSs following, for example, the medical bases
of the problem under study (in our case, to monitor the state of the liver).

Author Contributions: Conceptualization, A.L. and J.A.; methodology, J.A.; software, A.L.; valida-
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