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Abstract

La encefalomielitis miálgica o síndrome de fatiga crónica (EM/SFC) es un proceso orgánico, debilitante

y multifacético. El inicio heterogéneo y la presentación clínica con comorbilidades adicionales dificultan

su diagnóstico. No hay evidencias de pruebas diagnósticas ni biomarcadores que determinen, por sí solos,

su diagnóstico.

Las pautas de tratamiento actuales se centran en el manejo de los síntomas. Se desconoce el mecanismo

de acción causante. Las líneas de investigación son heterogéneas y se requiere un consenso en aunar

recursos para la búsqueda de resultados sólidos. Existe una necesidad urgente de realizar ensayos clínicos

para identificar tratamientos eficaces.

Un elemento limitante es la falta de medidores de eficacia objetivos, y éstos, se basan actualmente en

cuestionarios subjetivos que contesta el propio paciente. Una de las conclusiones más importantes es la

necesidad del uso de medidas objetivas. En esta investigación se aporta 2 biomarcadores que pueden ser

utilizados en este fin: el consumo pico de oxígeno en la prueba de esfuerzo y el resultado del test CPT3

para medir el deterioro cognitivo.

El consumo de oxígeno en la prueba de esfuerzo

Se demuestra que la medida de consumo pico de oxígeno en la prueba de esfuerzo determina el estado

físico del paciente afecto EM/SFC. Además se puede realizar un cribado mediante el uso de un modelo

basado en inteligencia artificial que predice qué pacientes requieren de una prueba de esfuerzo por un

estado físico limitante.

El test CPT3 para la detección del deterioro cognitivo

Se demuestra que el uso del test CPT3 mide el deterioro cognitivo del paciente afecto a EM/SFC y

puede ser un medidor de eficacia de tratamientos en futuros ensayos clínicos.

Transferencia de conocimiento

Se diseña una aplicación que ofrece un análisis multidisciplinar, y predice el riesgo físico de un paciente

afecto EM/SFC requiriendo las respuestas del cuestionario SF-36 como datos de entrada. Esta aplicación

no sólo favorece la detección precoz del deterioro físico y la sugerencia de la derivación a una unidad

especializada, sino que favorecería una detección mayor del síndrome y aportaría conocimiento a la

comunidad médica sobre este campo.
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Resum

L’encefalomielitis miàlgica o síndrome de fatiga crònica (EM/SFC) és un procès orgànic, debilitant

i multifacètic. L’inici heterogeni i la presentació clínica amb comorbiditats addicionals en dificulten el

diagnòstic. No hi ha evidències de proves diagnòstiques ni biomarcadors que en determinin, per si sols,

el diagnòstic.

Les pautes de tractament actuals se centren en el maneig dels símptomes. Es desconeix el mecanisme

d’acció causant. Les línies de recerca són heterogènies i es requereix un consens a unir recursos per a la

cerca de resultats sòlids. Hi ha una necessitat urgent de fer assajos clínics per identificar tractaments

eficaços.

Un element limitant és la manca de mesuradors d’eficàcia objectius, i aquests es basen actualment

en qüestionaris subjectius que contesta el mateix pacient. Una de les conclusions més importants és

la necessitat de fer servir mesures objectives. En aquesta investigació s’aporten 2 biomarcadors que es

poden utilitzar en aquesta finalitat: el consum pic d’oxigen a la prova d’esforç i el resultat del test CPT3

per mesurar el deteriorament cognitiu.

El consum d’oxigen a la prova d’esforç

Es demostra que la mesura de consum pic d’oxigen a la prova d’esforç determina l’estat físic del

pacient afecte EM/SFC. A més, es pot fer un cribratge mitjançant l’ús d’un model basat en intel·ligència

artificial que prediu quins pacients requereixen una prova d’esforç per un estat físic limitant.

El test CPT3 per a la detecció del deteriorament cognitiu

Es demostra que l’ús del test CPT3 mesura el deteriorament cognitiu del pacient afecte a EM/SFC i

pot ser un mesurador d’eficàcia de tractaments en assaigs clínics futurs.

Transferència de coneixement

Es dissenya una aplicació que ofereix una anàlisi multidisciplinària i prediu el risc físic d’un pacient

afecte EM/SFC requerint les respostes del qüestionari SF-36 com a dades d’entrada. Aquesta aplicació

no només afavoreix la detecció precoç del deteriorament físic i el suggeriment de la derivació a una unitat

especialitzada, sinó que afavoriria una detecció més gran de la síndrome i aportaria coneixement a la

comunitat mèdica sobre aquest camp.
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Abstract

Myalgic Encephalomyelitis, or Chronic Fatigue Syndrome (ME/CFS), is a chronic, debilitating, multi-

faceted disease. Its heterogeneous onset and clinical presentation with additional co-morbidities make

diagnosis difficult. There is no evidence of diagnostic tests or biomarkers alone to establish a diagnosis.

Current treatment guidelines focus on symptom management. The causative mechanism is unknown.

Research lines are heterogeneous. A consensus is needed to pool resources and find solid results. Clinical

trials are urgently needed to identify effective treatments.

One limiting factor is the lack of objective measures of efficacy. These are currently based on subjective

questionnaires answered by the patients themselves. The need to use objective measures is one of the

main conclusions. This research provides two biomarkers that can be used for this purpose: peak oxygen

consumption in the stress test and the CPT3 test result to measure cognitive impairment.

Exercise test oxygen consumption

It is shown that the physical status of the ME/CFS patient can be determined by measuring the peak

oxygen consumption in the exercise test. Furthermore, screening can be performed using an artificial

intelligence-based model that predicts patients requiring stress testing due to limiting physical status.

The CPT3 Test for the detection of cognitive impairment

The CPT3 test has been shown to measure cognitive impairment in ME/CFS patients and may be

used to measure treatment efficacy in future clinical trials.

Knowledge Transfer

An application using the SF-36 questionnaire as input data will be developed that provides multidis-

ciplinary analysis and predicts the physical risk of a ME/CFS patient. This application not only favors

the early detection of physical deterioration and the suggestion of referral to a specialized unit, but would

also favor a greater detection of the syndrome and provide knowledge to the medical community in this

field.
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Chapter 1

Introduction

This section contextualizes concepts commonly used in recent scientific publications dealing with data

science applied to health or bioinformatics. As the interest that this thesis may arouse is both for

practitioners interested in chronic fatigue syndrome and for data scientists or biostatisticians interested

in the methods, I would like to approach both the development and the conclusions of this research from

both sensitivities. It is important to study the particularities of the syndrome in order to understand the

methods used. But also the knowledge of the methodological context from machine learning and health

sciences.

1.1 About data science and bioinformatics

The term artificial intelligence (AI) was associated in 1988 with the behavior of a machine, which, if

a human behaves in the same way, is considered intelligent [1]. A consensus definition is currently being

sought due to the many nuances that the term AI encompasses. [2].

AI is a basic tool in interdisciplinary research fields that transcend academia. AI is associated with

a category of algorithms known as machine learning, including deep learning. These algorithms rely on

vast amounts of data to deliver results that have led to innovation across all sectors. It is transforming

our society by changing how people interact with each other and how they interact with the world [3].

The development of AI has been made possible by the use of large classified databases and an un-

precedented improvement in the technology of informatics services. In healthcare, it impacts clinicians

through rapid and accurate interpretation of medical records, tests, biomarkers, and images; healthcare

systems through improved workflow; and patients through access to medical information systems that

make complex data easier to understand [4].

Machine learning is defined as a set of methods that can automatically detect patterns in data and

use them to predict future data or make other types of decisions under conditions of uncertainty. The

accepted typology is [5]:

1
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• Supervised: The data used is characterised by attributes, it is also called labeled. The problems it

solves are usually classification or regression problems.

• Unsupervised: The data is not labeled. This is a much less well-defined problem, as it does not

indicate what kind of patterns to look for, and there is no obvious error metric to use. An example

would be discovering homogeneous groups, given an n-dimensional data set. Graph analysis would

also be included in this section.

• Reinforcement learning: A machine learning training method based on rewarding and punishing

an agent in its decision-making. In general, a reinforcement learning agent is able to sense and

interpret its environment, take actions and learn through trial and error. An example is automated

driving.

When it comes to processing natural data in its original form, these machine-learning techniques have

limitations. Deep learning is a set of methods that use raw data (no longer just rows and columns

of characterised numbers) and automatically discover patterns for detection or classification. [6]. Image

recognition and classification were among the first models based on this technology. Neural networks are

a set of algorithms inspired by the communication mechanism of the biological neuron. Their learning

ability makes them both adaptive and sophisticated algorithms [7].

Bioinformatics has recently been defined as an interdisciplinary field concerned with the development

and application of algorithms that analyze biological data to investigate the structure and function of

biological polymers (carbohydrates, nucleic acids, and proteins) and their relationships to living systems

[8]. And we define biological data as any record of a person that is properly obtained. This data can

refer to anything that is included in the patient’s medical history, laboratory tests, diagnostic images and

any information that has been collected in any medium that refers to the patient. Legal standards are

followed in the collection of any biological data by any institution, whether or not it is part of the patient’s

medical record. Thus, collecting and using such data in any research must comply with regulations.

The greater accuracy of predictions and the use of more sophisticated and ambitious algorithms is due

to a significant improvement in the computing power of servers at the service of artificial intelligence. In

bioinformatics, two areas are developing significantly: diagnostic imaging and protein and gene sequenc-

ing. In the last five years, they have evolved to the point where paradigms have changed. And thanks to

the continuing evolution of technology in the service of data science, this is likely to continue at a rapid

pace in the coming years.

1.2 Biomarkers

The term biomarker refers to a broad category of medical signs that can be measured accurately

and reproducibly. A biomarker provides clinically relevant information. The validity of a biomarker

refers to the need to characterize its effectiveness as an endpoint that could replace clinically meaningful

endpoints [9]. Recent advances in biomarker analysis and bioinformatics have opened up new possibilities

in precision and predictive medicine [10].
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Biomarkers can be used clinically for the detection, diagnosis, or monitoring of disease activity and

can be used to guide molecularly targeted therapy or to assess therapeutic response [11]. Validation

of the use of biomarkers for clinical trials, particularly in humans, is required. Reliability (the ability

to replicate tests and obtain the same results under the same measurement conditions) is the most

important consideration in biomarker development. Reliability requires the ability to measure error using

statistical methods, and indices have been developed to estimate reliability. Other parameters must also

be evaluated, such as reproducibility, sensitivity, and specificity. Finally, interlaboratory variability must

be measured [12]. The application of biomarkers in developing new drugs requires a general description

of the development of a specific biomarker [13].

Genomics focuses on universally detecting genes; if it focuses on detecting messenger RNA (mRNA),

we will talk about transcriptomics. If the goal is to analyze proteins, it is proteomics, and if it is to analyze

metabolites, it is metabolomics. The main source of information for analysis in a given biological sample

must be non-selective and unbiased [14].

The genome is the total DNA of a cell or organism. The human genome contains 3.2 billion bases

and about 40,000 protein-coding genes. A genomic analysis aims to measure differences in DNA se-

quence between individuals and the expression of thousands of genes simultaneously to look for abnormal

chromosomal patterns. They are particularly interesting when related to diseases [14].

The transcriptome is the total mRNA of a cell and plays a fundamental role in protein synthesis in a

process called translation. The main goal of transcriptomics is to discover how the transcripts of a living

cell, tissue or organism are affected by disease or environmental factors (such as drugs, hormones, etc.).

Non-coding RNA is another very important aspect of transcriptomics. These functional elements play an

important role in the pathogenesis of various diseases and their response to treatment. Transcriptomics

complements genomics and bridges the gap between genomics and proteomics in the era of precision

medicine [15].

The databases used for transcriptomics are microarrays and RNA sequencing (RNA-seq). RNA-seq

assays represent an increasing proportion of new gene expression experiments and are emerging as a better

option than microarrays. Integrative analyses of gene expression require the combination of these types

of data. This task is of utmost importance for rare diseases or poorly understood biological processes and

organisms, where all available assays are needed to discover robust signatures or biomarkers. Therefore,

for future functional genomic and transcriptomic experiments, effective strategies for combining data from

both platforms, perhaps in a way that leverages both the advantages of RNA-seq and the abundance of

microarray data, will be critical [16].

The result of any microarray assay, regardless of the technology, is to provide a measurement for each

gene in a way that answers the most important question: do the genes in the sample have a higher or

lower level of expression than the samples that we want to compare? The recent application of DNA

microarrays in clinical research has been a very important step towards developing more complex markers

based on multigene signatures (information about the activity of a specific group of genes). A machine

learning supervised classification analysis of whether these signatures are associated with a disease in any
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of their variations is called biomarker detection [17].

The proteome is defined as the set of all proteins expressed in a cell, tissue or organism. Proteomics

aims to characterize the flow of information within the cell through protein pathways and networks. The

goal is to understand the functional relevance of proteins. Proteomic research requires the analysis of more

than 100,000 proteins. It is still difficult to accurately detect all proteins. Proteomics is a fundamental

line of research in biomarker discovery because proteins are likely to be ubiquitously involved in disease

and disease response [14].

Metabolomics can be defined as the study of global metabolite profiles in a system (cell, tissue or

organism) under given conditions [18]. Metabolomics has some theoretical advantages over other omics

approaches. Because the metabolome is the end product of gene transcription, changes in the metabolome

will be amplified relative to changes in the transcriptome or proteome. The metabolome is more closely

related to the phenotype of the biological system that is being studied. Approximately 5,000 metabolites

have been defined, but the analysis is more diverse and includes many different biological molecules,

which makes it more physically and chemically complex than previous analyses [14].

Many of the pattern recognition strategies currently used in metabolomics are based on unsupervised

machine learning. Clustering methods are used to assess how similar a set of samples are to each other

based on their metabolomic profiles. Supervised learning methods use some patterns that are labeled

because a relationship has already been defined. The goal of supervised learning is to find a model that

correctly associates the inputs (classified samples) with the targets (mathematical relationship with the

samples under study).

In summary, bioinformatics has become an essential tool in translational research (understood as

the synergy between clinical and basic research knowledge) [19]. The ultimate goal is to accelerate the

discovery of biomarkers. The transfer of this knowledge to society applies to the individualized clinical

management of patient’s health and should facilitate the development of new personalized treatments.

1.3 Explanatory Memorandum

This research has been developed under the auspices of the Unit Specialising in Myalgic Encephalomyelitis

or Chronic Fatigue Syndrome (ME/CFS) of the Vall d’Hebron Hospital in Barcelona, whose research lines

are attached to the Research Institute of the same hospital (VHIR, Vall d’Hebron Research Institute).

Led by Dr Alegre, the ME/CFS unit has built up a database of patients diagnosed with ME/CFS

over the last twenty years, with more than 3,000 records. This database is an order of magnitude larger

than those used in state-of-the-art reference works in the field, which gives an idea of its importance.

No consensus on the definition of biomarkers can objectively and unambiguously indicate whether a

patient has ME/CFS or not. This work has shown that the interpretation of the patient’s clinical history

determines the diagnosis. The questionnaires listed in this research represent a reliable tool for assessing

the health status of the patient with ME/CFS.
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We therefore ask whether applied data science can help improve the lives of people with ME/CFS,

both those who have been diagnosed and those who have symptoms but have not yet been diagnosed.

1.4 Objectives

The objectives defined at the beginning of this research are listed below:

1. Search for new biomarkers.

It is necessary to define new biomarkers to measure the efficacy of treatments in future clinical

trials. The fact of being able to repeatedly evaluate the patient affected by ME/CFS at different

times would already be considered a very important improvement, since an objective and accurate

measure of their clinical evolution would be available.

2. The creation of models capable of predicting the severity of the pathology in patients

diagnosed with ME/CFS.

Relating the database, especially questionnaire responses to objective tests makes it possible to

obtain robust results in supervised machine learning. These advances have produced the findings

presented in the scientific publications of this thesis.

3. The transfer of knowledge through bioinformatics applications could help the medical

community advance in the study of pathology.

Offering both the scientific community and patients an easily accessible application provides some

key points defined in this thesis, such as: education of the primary care physician in ME/CFS,

improvement in the detection and evolution of the affected patient, and detection of the patient at

high risk of morbidity. An early detection of symptoms in physical or cognitive deterioration could

affect the course of the disease and improve its evolution.

1.5 Knowledge transfer

The generation of scientific knowledge demonstrated through scientific publications has, as part of its

objective, its transfer to society, so that it results in improvements for people. Numerous studies have

highlighted the difficulty involved in this [20] [21].

As part of the tasks of this research, we have collaborated with companies specialized in the develop-

ment of applications to evaluate a computer application that develops the main conclusions of the studies

presented in this compendium in order to substantiate the generation of knowledge, precisely so that it

will benefit people. For more information on the use of questionnaires in section 5.1.

Specifically, this application allows the following:
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Figure 1.1: Process and generation of information

The generation of information from the app is based on obtaining the answers to the SF-36 questionnaire, and

using the model generated in this research, a study is offered on the results, not only the SF-36 but also of 5 other

questionnaires. The responses can be collected from a web or mobile application.

• The application (app) can be viewed by scanning QR codes, or direct access, which can be displayed

in health centers, or through digital media. The app system will be web-based, so it will be accessible

from any device. The SF-36 questionnaire can be completed directly without registration, but in

order to access the results the user must provide a series of basic data (e.g. name and email). In

this way, the results can be shared with a health professional if the patient wishes.

• The system will use an AI algorithm developed in the publication of section 6.1.3, which will receive

the answers of the SF-36 questionnaire as input parameters and return, within seconds, a series of

output parameters, corresponding to the following health information

– Anxiety and depression provided by the HAD questionnaire.

– Physical status and its cognitive impairment provided by the FIS40 and FIS8 studies.

– State of psychological impairment as measured by the SLC90R questionnaire.

– State of sleep dysfunction as measured by the PSQI questionnaire.

– Health status and its prediction of peak O2 consumption in a hospital stress test.

• The system will have a web access for registered users, where they will be able to register health

centers, and the centers will be able to register authorized health personnel. The physician will

be able to view the results of those tests that have been shared with him. In the center, an

administrator role will be able to see all the tests managed by the assigned professionals. Each test

will have a unique code, which will allow the patient to share the code with the physician, who will

be able to find it in the system, in a secure way, and without sharing personal data.

• The user, to visualize his results, must create an access to the system (authorized according to

European security standards). By logging in with your credentials, you will be able to view your
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result and your unique code, which you can share with your trusted physician so that he/she can

view and evaluate the result.

• It will be possible to access an environment of recommendations and useful information for the

patient suffering from chronic fatigue syndrome.



Chapter 2

ME/CFS Review

2.1 Clinical definition

Fatigue is a common symptom in everyday medical consultations. It is defined as a feeling of exhaustion

and weakness and difficulty in performing sustained physical and/or mental activity [22]. Fatigue that

persists or recurs over more than six months is called chronic fatigue (CF). Its presence may be due to

a psychiatric disorder, an organic disease; it may be idiopathic, or it may be chronic fatigue syndrome

(CFS) [23].

ME/CFS is a well-defined clinical entity that involves severe post-exertional fatigue that causes severe

disability in patients, significantly interfering with their work and daily living tasks. It affects young

adults, predominantly women [24]. In addition to fatigue and intolerance to physical exercise, these

patients are accompanied by characteristic symptomatology of inflammatory, muscular, sleep dysfunction,

and impaired cognitive functions [25].

ME/CFS is a complex chronic clinical condition that lacks biomarkers that define the diagnosis by

blood tests [26]. There are 20 clinical and consensus research definitions of ME/CFS in the literature

[27], which include: Canadian consensus criteria [28], Fukuda [29], Holmes [30], International criteria [31],

Oxford [32], among others. The US Institute of Medicine appointed a committee in 2015 that drafted new

criteria for ME/CFS and renamed it Systemic Exertion Intolerance Disease (SEID). With inconsistent

ME/CFS criteria, it has been challenging to conduct definitive studies leading to a new understanding

of pathophysiology, new diagnostic tests, and treatment methods.

As a result of not having diagnostic biomarkers, many physicians have been unconvinced of the

definition of ME/CFS. As a result, these patients have been misunderstood and told that they had no

real physical illness and that it was “all in their head”. The Institute of Medicine (IOM) and the National

Academy of Medicine (NAM) recognize that diagnosing ME/CFS is not medical.

The report "Beyond Myalgic Encephalomyelitis/Chronic Fatigue Syndrome: Redefining an Illness"

8
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[33], described ME/CFS as "a syndrome characterized by profound fatigue, cognitive dysfunction, sleep

abnormalities, autonomic manifestations, pain, and other symptoms that worsen with exertion" of any

kind. ME/CFS can severely affect patients’ ability to lead an everyday life.

ME/CFS case definitions are evaluated in terms of sensitivity (ability to identify patients with

ME/CFS correctly) and specificity (ability to exclude patients who do not have ME/CFS). The SEID

criteria are similar to the 1994 Fukuda CFS criteria [29] and the 1991 Oxford CFS criteria [32], which

include other major psychiatric pathologies in their criteria. There are “detrimental implications for

research in interpreting epidemiological, etiological and treatment aspects” of patients with ME/CFS

[34].

2.2 Diagnosis

ME/CFS continues to cause significant morbidity worldwide, and it is estimated that 84% to 91% of

people with ME/CFS symptoms remain undiagnosed due to the lack of diagnostic biomarkers [34]. The

evolution of diagnostic criteria can be summarized in the following agreements:

1. In 1994, the Atlanta Center for Disease Center (CDC) Diagnostic Criteria proposed by Fukuda [29].

2. A new definition of ME/CFS created to exclude psychiatric cases was proposed in 2003 through

the Canadian ME/CFS case consensus document [35], which complements the CDC criteria and

allows us to study the symptomatic blocks (neurological, muscular, cognitive, neurovegetative and

immunological).

3. In 2011, these criteria were updated, proposing post-exertional fatigue as a mandatory criterion

[31].

4. In 2016, a consensus was published to review the evidence of the variety of diagnostic criteria and

recommend a new terminology to refer to this entity by the Institute of Medicine in the USA, calling

it systemic intolerance syndrome [36].

2.3 Clinical Diagnostic Criteria Worksheet

To diagnose ME/CFS, the patient must present the following symptomatic clinical criteria:

1. Disabling fatigue, post-exertional malaise, sleep disturbance, pain, two neurocognitive symptoms,

and at least one symptom from two categories: autonomic, neuroendocrine, or immunologic.

2. Fatigue and other symptoms must persist or relapse for at least six months in adults or three months

in children and adolescents. A provisional diagnosis may be possible.

3. Another disease cannot explain the symptoms.
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Figure 2.1: Diagnostic algorithm

The current “Centers for Disease Control and Prevention” (CDC) diagnostic criteria for ME/CFS are also
known as Systemic Exertion Intolerance Disease (SEID) criteria. The Centers for Disease Control and
Prevention is a U.S. government agency dedicated to epidemiology and public health. It operates under the
auspices of the Department of Health and Human Services. Source: Beyond Myalgic Encephalomyelitis/Chronic
Fatigue Syndrome: Redefining an Illness, Institute of Medicine of the National Academies.
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Clinical criteria and description of symptoms:

1. Pathological fatigue: A significant degree of new onset, unexplained, persistent, or recurrent

physical and/or mental fatigue that substantially reduces activity levels and is not the result of

sustained exertion and is not relieved by rest.

2. 2. Post-exertional malaise: Worsening symptoms of mild exertion or normal activity are followed

by malaise, loss of physical and mental stamina and/or worsening of other symptoms. Recovery is

delayed, taking more than 24 hours.

3. sleep disturbance: Sleep is not restful.

4. Pain: Pain is generalized, migratory or localized: myalgia, arthralgia (without signs of inflamma-

tion) and/or headache.

5. Cognitive symptoms: Impaired concentration, short-term memory or word retrieval, hypersen-

sitivity to light, noise or emotional overload. Confusion, disorientation, slowed thinking, muscle

weakness and/or ataxia.

In addition, at least one symptom from two of the following categories must be detected:

a) Autonomous:

Orthostatic intolerance, neurally mediated hypotension (NMH), postural orthostatic tachycardia (POTS),

dizziness, extreme pallor, palpitations, exertional dyspnea, urinary frequency, irritable bowel syndrome

(IBS), and nausea.

b) Neuroendocrine:

Low body temperature, cold extremities, sweating, intolerance to heat or cold, reduced tolerance to

stress, and other symptoms worsen with stress, weight change, or abnormal appetite.

c) Immune:

Recurrent flu-like symptoms include sore throat, tender lymph nodes, fevers, and new sensitivities to

foods, drugs, odors, or chemicals.

2.3.1 Symptom characteristics

The most common onset is sudden, but it may be gradual. Symptoms may vary from day to day or

during the same day. Relapses and remissions are common. Reactivating symptoms after exertion may

be immediate or delayed by 24 hours or more.

2.3.2 Exclusionary diseases

Many other diseases have symptoms that mimic ME/CFS. Active pathologic processes that could explain

the main symptoms of fatigue, sleep disturbances, pain, and neurocognitive dysfunction should be ruled
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out by anamnesis, physical examination, and medical tests. Some common exclusionary diseases are

listed below:

• Anemia, autoimmune diseases such as rheumatoid arthritis, lupus, heart disease, endocrine disor-

ders such as type I diabetes mellitus, Addison’s disease, uncontrolled thyroid disease, menopause,

infectious diseases such as tuberculosis, HIV/AIDS, or chronic hepatitis.

• Intestinal diseases such as celiac disease or Crohn’s disease. Neurological disorders such as multiple

sclerosis, Parkinson’s disease, and myasthenia gravis.

• Primary psychiatric disorders and substance abuse. Melancholic and/or bipolar major depression

are exclusionary psychiatric processes.

2.3.3 Non-excludable diseases

Some comorbid entities often appear in association with ME/CFS, such as:

• Allergies, fibromyalgia (FM), irritable bowel syndrome (IBS) and multiple chemical sensitivity

(MCS). Any medical condition that has been adequately treated and is under control. Any isolated

physical abnormality or laboratory test that is insufficient to diagnose an exclusionary condition.

• ME/CFS and FM are often closely associated and should be considered superimposed syndromes.

A comorbid condition may precede the onset of ME/CFS by many years but then become associated

with it. If the patient presents with unexplained and prolonged fatigue but an insufficient number

of symptoms to meet the criteria for ME/CFS, the disease should be classified as idiopathic.

• Any physician can diagnose the condition by following standard medical procedures. A complete

medical history should be taken; similar fatigue-related illnesses should be ruled out; typical signs

and symptoms of the disease should be observed; all medications the patient is currently taking,

and any other factors that may influence the severity or persistence of the fatigue should be noted.

ME/CFS is also associated with comorbid health conditions. These comorbidities vary in prevalence

and severity but are higher than in patients without ME/CFS [37].

2.4 Prevalence

Research on the prevalence of the syndrome has predominantly focused on meta-analysis due to the

variety of this type of data and the complexity of the calculations. Published data indicate a prevalence

of between 0.89 and 1.14 % among the US population [38]. Additional data include an analysis of

adolescents in the United Kingdom with an estimated prevalence range of between 1.47 % and 2.99 %

[39]. In contrast to these studies, recent research in China estimates the prevalence among the Chinese

population to be 12.54 % [40]. The prevalence in Australia was estimated at 0.79 % [41]. In a survey based
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on telephone interviews conducted in Wichita (US), middle-aged women constituted 70 % of patients with

ME/CFS [42].

This syndrome is found in people of all ages and races. It has been reported in one case as young as

four years old. It is more common in adolescents than in younger children. Cases may occur in clusters

or sporadically [43].

The large discrepancy in prevalence statistics is due to different definitions of ME/CFS. The more

specific the exclusion criteria in the definition, the lower the number of patients diagnosed with ME/CFS.

This estimates that 836,000 and 2.5 million Americans may have ME/CFS, according to the IOM-SEID

[36]. The prevalence in a recent European meta-analysis was estimated to be between 0.1%-2.2% [44].

2.5 Pathophysiology

No specific cause of ME/CFS has been found, and no specific diagnostic test is clinically available. The

pathophysiological consequences of ME/CFS are multisystemic [26]. Although viral infections have long

been considered the main trigger for disease onset, a precise mechanism of pathogenesis has not yet

been defined [45] several reviews in the literature address general and specific issues related to ME/CFS.

Through reviews of the scientific literature, we address how immune dysfunction, hormonal imbalance,

genetics/epigenetics, and cognitive changes affect patients with ME/CFS, provide insight into the emerg-

ing role of non-coding RNAs and gut microbiome alterations in disease pathogenesis, and the possible

relationship between the newly coined “persistent COVID” and chronic fatigue.

2.5.1 Inflammation

Patients diagnosed with ME/CFS experience symptoms related to immunological changes, such as high

susceptibility to infections, prolonged recovery times, chronically tender and swollen lymph nodes, and a

feeling of fever [26]. It is still unclear whether ME/CFS is an inherently low-grade inflammatory disease or

is only accompanied by systemic inflammation [45]. The results suggest a common link between the central

nervous system, infection, and the immune system. Current data from various sources support the model

that ME/CFS has a propensity to overproduce pro-inflammatory cytokines, along with misregulation of

anti-inflammatory cytokines. ME/CFS patients appear to have a specific immune dysfunction profile with

increased basal activation of lymphoid subsets but suppression of specific immune responses, particularly

Th1-driven (antiviral and antitumor responses) [46]. Another study suggests that natural killer (NK)

cell cytotoxic activity may be a suitable biomarker for diagnosing ME/CFS [47]. The activated state

of the immune system is also indicated by an increase in the biomarker neopterin, which is released by

monocytes and macrophages, and a high concentration of acute phase reactants [48]. The body’s ability

to fight infections decreases with impaired NK cell function. The more severely the function of these cells

is impaired, the worse the patient’s symptoms of ME/CFS become and the more likely patients are to

get recurrent infections due to immune suppression [49].
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As inflammatory pathways seem to be altered in general, a possible explanation for the disease symp-

toms could be an altered intestinal barrier [50]. ME/CFS and irritable bowel syndrome (IBS) often

co-occur [51]. Another possible explanation for the pronounced immune response could be autoimmu-

nity.

Patients with ME/CFS show a more pronounced immune response to exercise than healthy sedentary

controls. Many of these immune changes are related to the post-exertional malaise in ME/CFS, which is

one of the main features of the syndrome [52]. In addition, patients appear to undergo increased oxidative

stress more rapidly and for longer after exercise than healthy controls, and their antioxidant response is

delayed and reduced [53].

2.5.2 Genetic and epigenetic alterations

Although most studies report an association between ME/CFS and one or a few polymorphisms, it

should be noted that, being a multifactorial disease, a varied genetic contribution is more likely to

explain predisposition and inheritance than a single variation. According to a recent publication [54],

it is concluded that genetic studies are the best way to understand the etiology of ME/CFS due to the

causal nature of genetic associations. A large genome-wide association study focused on uncovering the

biomolecular mechanisms of ME/CFS is urgently needed because no study on the genetics of ME/CFS

has yet seen repeated and replicated results. A genome-wide association study (GWAS) is a research

approach used to identify genomic variants statistically associated with a risk of a particular disease or

trait. The method involves studying the genomes of many people, looking for genomic variants that

occur more frequently in those with a specific disease or trait than those without the disease or trait.

Once such genomic variants are identified, they are typically used to search for nearby variants directly

contributing to the disease or trait. Although recruiting thousands of people with ME/CFS, particularly

severely affected individuals who are homebound or bedridden, is a challenging task, it will be essential

to GWAS using their samples if disease mechanisms are to be understood [54].

2.5.3 Cognitive symptoms and depression

Sleep disturbances, depression, anxiety, and mood swings are often found in and characterize ME/CFS.

Melancholic major depression and bipolar major depression (MD) may be exclusion criteria for ME/CFS.

However, while the two conditions show some similar symptoms, they can still be distinguished. For

example, in depressed individuals, fatigue is associated with apathy, whereas in patients with ME/CFS

it is associated with intense frustration with their condition [55]. Every ME/CFS evaluation should

include a mental status examination to identify abnormalities in mood, intellectual function, memory,

and personality changes. Special attention should be paid to acute depressive, anxious, or self-destructive

thoughts. It is concluded that MD and ME/CFS can be defined as comorbid. But an antidepressant

treatment in patients without a history could be detrimental [55]. The paper on cognitive dysfunction

and ME/CFS appended in the compendium is useful here [56].
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2.5.4 Hormonal imbalance

Dysregulation of the hypothalamic-pituitary-adrenal (HPA) axis appears to be associated with ME/CFS.

Scientific evidence suggests a mechanism by which genetic and environmental factors may serve to create

an endocrine environment that can affect immune and vascular processes and, therefore, presumably trig-

ger and maintain the symptoms experienced by those diagnosed with ME/CFS. Despite the heterogeneity

of symptoms in these patients and the evidence for multifactorial pathogenesis, the hormonal imbalance

has been shown to be directly related to some of the symptoms present in ME/CFS, such as debilitating

fatigue, difficulty concentrating, and sleep disturbance [57]. A popular hypothesis is the so-called “allo-

static load state”, in which the neuroendocrine system responds to a stressor (allostatic state) to restore

the physiological set point (homeostasis). When this mechanism fails, allostatic overload occurs, and how

the body deals with the stressor perpetuates the stress and chronicity of the condition. This situation

may be due to a dysfunction of the HPA axis. However, clear evidence to support this suggestion is still

lacking and further studies are needed to understand the role of neuroendocrinology in the pathogenesis

of ME/CFS [58].

2.5.5 Dysbiosis and intestinal permeability

In chronic inflammatory conditions, such as ME/CFS, microbiome dysbiosis or imbalance occurs that

favors the multiplication of other pathogens, and many microbes, viruses, and their corresponding proteins

and metabolites may modulate and/or alter metabolic, immune, and neurologic reactions [59]. For

example, NK cell dysfunction has been found in ME/CFS and their activity is known to modulate the

bacterial microbiome [60]. Similarly, lactic acid producers have been found to increase NK cytotoxicity,

and tryptophan produced by the microbiome interacts with aryl hydrocarbon receptors (AHR), microglia,

and astrocytes [61] and in the genesis of autonomic dysfunction in ME/CFS. The microbiome would also

be important in regulating blood pressure through Olfr78 and Gpr41 receptors [62]. The integrity of

the gut-brain axis is of great importance for ME/CFS, as the vagus nerves can transmit and modify

information about gut dysbiosis, and intracellular pathogens would travel through various pathways,

such as nanotubules, reaching glial cells, dendritic cells, and organelles such as mitochondria [63].

Emerging evidence linking alterations in gut microbiota composition to clinical symptoms reported

by patients with ME/CFS suggests a potential therapeutic role for microbiome-targeted interventions,

such as supplementation with prebiotics and/or probiotics. Restoring intestinal homeostasis may help

alleviate patients’ health problems and improve their quality of life. The Compendium includes this

approach [64].

2.5.6 Non-coding RNAs

It has been suggested that plasma may be a satisfactory parameter to determine miRNAs as biomarkers

in ME/CFS. The data show that miR-127-3p, miR-142-5p and miR-143-3p may be potential plasma

biomarkers for diagnosing ME/CFS. However, further studies are now needed to validate these findings
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in a larger cohort to determine their diagnostic power [65]. The pathways in which each miRNA exerts

its activity are still unclear, but several altered miRNAs have been identified in patients with ME/CFS

[66]. The differential expression of circulating miRNAs in severely affected ME/CFS patients was mea-

sured. Eleven miRNAs associated with ME/CFS were discovered and validated. Based on these distinct

miRNA signatures, the machine learning algorithm classified ME/CFS patients into four groups related

to symptom severity. These findings may provide a basis for developing a new noninvasive test to diag-

nose ME/CFS patients. These miRNA signatures and clusters could eventually be used to predict the

response to drug treatments and even to identify individuals for whom such treatments may be beneficial.

In addition, possible mechanisms, yet to be validated, by which each of the miRNAs may play a role

in the pathogenesis and etiology of ME/CFS are suggested [67]. The above-mentioned studies provide

a basis for developing a comprehensive diagnostic and prognostic program that includes both metabolic

and molecular analytes, such as miRNA or lncRNA, for diagnosing and selecting the most appropriate

treatment.

2.5.7 ME/CFS and COVID-19

A proportion of COVID-19 survivors fail to return to their pre-existing condition and report persis-

tent debilitating ME/CFS-like symptoms several months after resolution of acute COVID-19 infection.

Increasing reports of persistent malaise and ME/CFS-like exhaustion can leave patients with physical

weakness and emotional disturbances. Compounded by the psychological toll of the pandemic expe-

rienced by the entire population, persons recovering from COVID-19 may be at even greater risk for

depression, anxiety, post-traumatic stress disorder, and medication use disorder [68]. This chronic post-

viral syndrome has been termed "prolonged COVID" or "post-acute COVID-19 syndrome" and has been

reported to affect patients regardless of the severity of acute infection [69].

As a member of the research team of the project Characterization of post-exertional fatigue, cognitive

dysfunction and dysautonomia in post-COVID-19 syndrome: a new emerging paradigm within post-viral

syndromes, which is currently under development, I note the relevance that the results of the research

may offer. Its main objective is to evaluate the clinical similarities and/or differences, risk factors, phar-

macological and non-pharmacological treatments, and stratification of post-exertional fatigue, cognitive

impairment, and dysautonomia in patients with post-COVID-19 syndrome from the experience of other

post-viral fatigue syndromes such as ME/CFS.

2.5.8 Status of biomarkers

There is no consensus on a biomarker for ME/CFS; however, there is substantial biological evidence that

ME/CFS results in a widespread impairment of the immune system. The medical and scientific com-

munity accepts biomarkers with high sensitivity, specificity, and selectivity for detecting disease targets.

They are effective and accessible. In addition, evidence such as high genetic and physiological repro-

ducibility of results is paramount. The following is a summary of findings from publications addressing

the search for biomarkers in ME/CFS. Study design, definition of outcome markers, quality and poten-
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tial to define diagnostic biomarkers are heterogeneous. Due to the consistency observed over time, this

review also supports using NK cells as an appropriate model to study the pathological mechanism of

ME/CFS. The review is followed by a list of possible associations, and one of the findings is that these

systems do not function independently and may be part of a complex integrative network; there is a need

for a multidisciplinary approach to the study of these systems. Multidisciplinary research and uniform

protocols are needed for ME/CFS biomarker research [70]. In this study, biomarkers are analyzed. A

classification of those that I consider relevant is proposed.

Genetic biomarkers

• Sirt1/eNOS modulator microRNAs: miR-21, miR-34a, miR-92a, miR-126, miR-200c [71]. Expres-

sion miR-21, miR-17-5p, miR-10a, miR-103, miR-152, miR-146a, miR-106, miR-223 and miR-191.

Significant values for NK cells [72].

• miRNAs (hsa-miR-127-3p, hsa-miR-142-5p and hsa-miR-143-3p that were differentially expressed

and significantly increased in ME/CFS based on RT-qPCR (p < 0.05) [65].

• Increased gene expression of purinergic and cellular modulators (p= 0.04) and mediators of noci-

ception and stress were positively associated with ME/CFS (p = 0, 02) [73].

• Gene expression for the following: ASIC3, P2X4, and P2X5, for sensory receptors α-2A, β-1, β-2,

and COMT and IS genes for IL10 and TLR4 was increased in ME/SFC up to 0.5 at 48 hours

(p < 0, 05) [74].

• ME/CFS patients had significantly lower target cell lysis by NK cells than HCs. Eleven SNPs

were identified in TRP ion channel genes (TRPC4, TRPC2, TRPM3 and TRPM8). Five of these

SNPs were associated with TRPM3 (p < 0, 05). There were 14 SNPs associated with nicotinic and

muscarinic genes, including CHRNA2, CHRNA3, CHRNB4, CHRNA5 and CHRNE (p < 0, 05).

There were six SNPs associated with CHRNA3. Sixteen genotypes were identified from the SNPs

(p < 0, 05) [75].

• Seventy-eight SNPs were identified in nicotinic and muscarinic acetylcholine receptor genes in B

cells of ME/CFS patients compared to HC. Thirty-five of these SNPs were identified in mAChM3.

Other SNPs identified were: nAChR delta, nAChR alpha 9, TRPV2, TRPM3, TRPM4, mAChRM3

2 and mAChRM5 (p < 0, 05). From these SNPs, nine genotypes were identified (p < 0, 05) [75].

• The mRNA levels were significantly different in ME/CFS patients compared to the control group in

12 genes. Quantitative real-time PCR validated these changes in nine of these genes. These genes

encoded: granzyme in activated T cells or natural NK cells, energy regulators (ATP5J2, COX5B and

DBI), proteasome subunits (PSMA3 and PSMA4), a putative inhibitor of protein kinase (HINT),

GTPase (ARHC) and signal transducers and activators of transcription 5A (STAT5A) (p < 0, 05).

A follow-up investigation with microarrays showed that 9 genes effectively classified 79 % of patients

with ME/CFS compared to others without ME/CFS experiencing fatigue. In contrast, real-time

PCR was able to classify 94 % of ME/CFS patients effectively [76].
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• Patients with ME/CFS had elevated mRNA in P2X4, TRPV1, CD14 and all adrenergic receptors

compared to control groups after exercise (p =< 0.05). Patients with ME/CFS and comorbid

fibromyalgia showed elevated mRNA in ASIC3 and P2X5 (p < 0.05) [77].

Immunological Biomarkers

• ME/CFS patients had significantly increased expression of IL-10, IFN-g, TNF-a, CD4+CD25+T

cells, FoxP3, and VPACR2 compared to HC. The cytotoxic activity of NK cells, particularly

CD56bright NK cells, was decreased in the patients with ME/CFS. Granzyme A and granzyme

K expression was decreased, and perforin levels were elevated in ME/CFS patients. CD8+ T-cell

cytotoxic activity and NK phenotypes were also decreased in patients (P ≤ 0, 05) [78].

• NKCC significantly decreased at all time points: baseline (T1), six months (T2), and 12 months

(T3) in ME/CFS patients compared to HC (p < 0, 05). Differences between each time point were

also significantly different (p < 0, 001). ME/CFS patients had fewer CD56bright CD16-NK cells

at T1 and T2 time points (p < 0, 05). After mitogenic stimulation, there were significant increases

i n IL- 10, IFN-y and TNF-a at T1. IL-10 and IL-17A were significantly decreased at T2. IL-2

increased in T3 in ME/CFS patients (p < 0, 05) [72].

• A significant decrease of CD57 was observed in lymphocytes from ME/CFS patients. This decrease

was significant in both the percentage of cells expressing CD57 (p = 0, 024) and the amount of

CD57 molecule expressed per cell (p <0.001) in T lymphocytes. In non-T lymphocytes, only the

amount of CD57 per cell significantly differed in ME/CFS patients compared to HC (p = 0, 007)

[79].

• The following cytokines were elevated in ME/CFS patients: LTα, IL-1α, IL-1β, IL-4, IL-5, IL-6

and IL-12 and the following cytokines were decreased in ME/CFS patients: IL-8, IL-13 and IL-15

(p < 0, 05). The following cytokines showed good biomarker potential based on the area under the

curve: IL- 5, LTα, IL-4 e IL-12 (p < 0, 05) [80].

• NKCC was significantly lower in patients with ME/CFS (p < 0, 001). There was a significantly

higher percentage of CD2+ lymphocytes positive for DPPIV/C26 in patients with ME/CFS (p =

0, 001), although the levels of DPPIV/C26 expressed on T cells and NK cells were lower (p < 0, 001)

[81].

• MCP-1 was significantly increased in ME/CFS patients compared to HCs, while other immune

markers such as IL-1β, Il-4, IL-6, TNF-α, TGF-β1, TGF-β2, TGF-β3, IL-10 e IL17 were signifi-

cantly lower (p < 0, 01) [82].

• Patients with ME/CFS had higher levels of anti-VEB-dUTPase antibodies (p < 0, 001) and anti-

humanUTPase antibodies (p = 0, 0241) compared to the control groups [83]. In post-giardiasis

ME/CFS patients, NK cell levels were significantly lower than in the control groups. There was a

negative correlation between abdominal and fatigue symptoms and NK cell levels (p < 0, 05) [84].

• Patients with moderate ME/CFS had a significant increase in CD8+CD45RA effector memory T

cells, expression of the signaling lymphocyte activation molecule in NK cells, 2DL5A on CD4+ T
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cells and BTLA4+ on central memory CD4+T cells, as well as a significant reduction of LFA-1

on central memory CD8+T cells, KLRG1 on total CD8+T cells, KLRG1 on naïve CD4+T cells,

and CD56dimCD16-CD2+ and CD18+CD2+ NK cells (p < 0, 05). Patients with severe ME/CFS

had a significant increase of CD18+CD11c on CD56dimCD16-NK cell phenotype and a significant

reduction of NKp46 on CD56brightCD16dimNK cells (p < 0, 05) [85].

• CD62L iNKT expression increased over time in patients with moderate ME/CFS. CD56bright

NK receptors differed significantly in patients with severe ME/CFS (p = 0, 004). At 6 months,

naïve CD8+ T cells (p = 0, 041), CD8-CD4- (p = 0, 024) and CD56-CD16- (p = 0, 030) iNKT

phenotypes,γδ2T cells (p = 0, 035) and effector memory subsets were significantly increased in

patients with severe ME/CFS. Patients with severe ME/CFS also had significantly reduced CD56-

brightCD-16dim NKG2D, CD56dimCD16- KIR2DL2/DL3, CD94-CD11a-γδ1T and CD62L+CD11a-

γδ1T cells at six months [86].

• IL-17A levels are significantly higher in ME/CFS patients compared to HC (p < 0, 01) [73].

• The following cytokines were significantly higher in ME/CFS patients than in HCs: TNF-α, IL-12,

IL-4, IL-12, IL-1β and IL-25. IL-17F and CXCL8 were significantly lower than in HCs (p < 0, 05).

IL-17F and CXCL8 were significantly lower compared to HC (p < 0.05) [87].. Serum IL-1 (p <

0, 001), TNFα (p < 0, 001), neopterin (p < 0, 001), lysozyme (p < 0, 001) and plasma PMN- elastase

(p = 0, 007) were significantly higher in ME/CFS patients than in HC [86].

• There was a significant association with the plasma proteome of immunoglobulin heavy variable

region 3-23/30 and ME/CFS (p < 0, 001). ME/CFS patients with coexisting IBS showed a sig-

nificant association with immunoglobulin λ constant region 7 (p < 0, 001), and ME/CFS patients

without IBS showed an association with immunoglobulin κ variable region 3-11 (p < 0, 001) [88].

• ME/CFS patients showed significantly lower values of regulatory T cells (CD4+CD25++(high)

FOXP3+) and higher values of NKT-like cells (CD3+CD16+/-CD56+) compared to HCNKCD69

and NKCD56 were significantly higher and NKG2C were significantly lower in ME/CFS patients

compared to HC (p < 0, 05) [89].

• ME/CFS exhibited significantly lower antibody-dependent cell-mediated cytotoxicity (ADCC) com-

pared to HC (AUC: 77 %, p < 0, 02). Related relatives also showed significantly lower ADCC [90].

• Lower concentrations of sCD26 were only found in female patients with ME/CFS, and diagnos-

tic adequacy could not be confirmed. However, an association was observed between low sCD26

concentrations and higher levels of autoantibodies against α1-adrenergic and M3-muscarinic acetyl-

choline receptors. In infection-triggered ME/CFS, sCD26 was positively associated with activated

T cells (r: 0.153-0.316; p <0.05), liver enzymes, creatine kinase (r: 0.247; p :< 0, 001) and lactate

dehydrogenase (r: 0.173; p : 0, 014) and negatively with interleukin-1 β (r: -0,182; p : 0, 018) [91].

• The subgroups of ME/CFS patients had higher levels of antibodies against microtubule-associated

proteins 2 (MAP2) (p = 0, 03) and single-stranded DNA (p = 0, 04). However, no significantly

elevated levels of autoantibodies were observed in the entire ME/CFS cohort [92].
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Metabolomic biomarkers

• Glutamine (p = 0, 002) and ornithine (p < 0, 05) levels in the blood of ME/CFS patients were

significantly lower than those of HCs. Correlation analysis showed associations with glucogenic

aminoacids and metabolites involved in the urea cycle [93].

• The following mitochondrial proteins, aconitate hydratase (p < 0.05) and ATP synthase subunit

beta (p < 0, 01), were up-regulated in ME/CFS patients compared to control twins [94].

• Patients with ME/CFS had significantly reduced plasma levels of antioxidant cap- antioxidant

(p = 0, 009) and increased levels of lipoperoxide (p = 0, 021), inflammatory cytokines, FGF21 and

NT-proBNP (p < 0, 05). Significant positive correlations were observed between NT- proBNP and

IL-1b (p = 0, 04) and IL6 (p = 0, 01) compared to HC [95].

• Lymphocyte mortality rate, mitochondrial respiratory function and TORC1 activity showed a sen-

sitivity of more than 90% for diagnostic differentiation of ME/CFS patients compared to HC

(p < 0, 001) [96].

• Patients with ME/CFS and IBS had more abundant unclassified Alistipes and less Faecalibacterium

compared to HC (p < 0, 05). Patients with ME/CFS without IBS had more unclassified Bacteroides

and less Bacteroides Vulgatus (p < 0, 05). Patients with ME/CFS had fewer metabolic pathways

associated with unsaturated fatty acid biosynthesis and more atrazine degradation pathways, inde-

pendent of IBS comorbidity (p < 0, 05) [97].

• Patients with ME/CFS had significantly lower levels of phosphatidylcholine (p = 0, 017), choline,

and carnitine (p = 0, 017) than the control groups. Patients with ME/CFS and IBS had significantly

higher levels of triglycerides (p = 0, 004) and ceramide (p = 0, 021) [98].

• IL-17A (p = 0, 018), la FABP-2 (p = 0, 002), and 3-Hydroxykynurenine (p = 0, 037) were increased

in ME/CFS patients compared to those in the control group, whereas kynurenine (p = 0, 012) and

serotonin (p = 0, 045) were lower in ME/CFS patients. Changes in kynurenine and 3- hydroxykin-

urenine were associated with higher kynurenic acid/kynurenine and 3- hydroxykinurenine/kynure-

nine ratios [99].

Endovascular biomarkers

• Patients with ME/CFS had significantly higher extracellular vesicle (EV) counts and EVs were also

significantly smaller compared to the control group (p < 0.05). Blood creatine kinase (CK) was

significantly lower compared to HC (p < 0.05). The zeta potential was significantly different in

patients with ME/CFS compared to those in the control group, where ME/CFS patients had more

negative values regardless of whether EVs were isolated in the presence or absence of proteinase κ

(p < 0, 05). Blood CK values and physical characteristics of plasma EVs (including count, size, and

zeta potential) miRNAs were significantly associated with severe ME/CFS (p < 0, 05) [100].

• Compared to the control group, the fraction enriched in extracellular vesicles (EVs) was significantly

higher in ME/CFS patients (p = 0, 007), and EVs were significantly smaller (p = 0, 014) [101].
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• The number of circulating EVs was significantly higher in ME/CFS patients than in the control

group (p < 0, 001). The number of circulating EVs correlated with serum c-reactive protein levels

(p = 0, 442, p = 0, 0007). Variations in Talin-1, Filamin-A, and 14-4-4 family proteins were identified

by proteomic analysis in ME/CFS patients (p < 0, 05) [102].

• Significant differences were observed in three biological variables after exercise: M wave, thio-

barbituric acid reactive substances (TBARS) and resting CD26-expression. These variables were

correlated with each other. Health-related quality of life was negatively correlated with exercise-

induced increase in TBARS (r : 0.570, p < 0.001) and positively correlated with CD26-expression

(r : 0.486, p < 0, 01). The pain component of the SF-36 correlated negatively with CD26 expres-

sion (r : 0.618, p < 0, 001). Increased TBARS and decreased M-wave were the highest, and CD26

expression level was the lowest in those who referred an infectious onset [103].

• Plasma neuropeptide Y (NPY) was significantly higher in ME/CFS patients compared to the control

group (p < 0.001). NPY had significant associations with various subjective measures, including

levels of perceived stress and depression (p < 0, 05) [80].

• Random Forest Analysis (RFA) indicated that serum activin B (p < 0.001) and associated mark-

ers 24-hour urinary creatinine clearance (p = 0, 02) and serum urea (p = 0, 002) were significantly

higher in ME/CFS patients compared to the control group [104].

• Serum dehydroepiandrosterone sulfate (DHEAS) was significantly lower in ME/CFS patients com-

pared to those in the control group (p = 0, 003). There was no significant difference in IGF1 or

IGFBP3/IGF1 ratio [105].

• GDF15 levels in patients with severe ME/CFS were significantly elevated (p = 0, 01) and positively

correlated with fatigue scores (p = 0, 026). Circulating levels of GDF15 were stable at two different

time points (over seven months) in mild/moderate patients [106].

• Patients with severe ME/CFS had significantly lower mean serum creatine kinase values compared

to patients with control group and non-severe ME/CFS (p < 0, 001) [107].

• Male patients with ME/CFS had significantly higher levels of hexosyl-ceramides (HexCer), mo-

nounsaturated plasma phospholipids (PL) and saturated triglycerides compared to the control

group (p < 0, 05). In ME/CFS patients, the levels of total phosphatidylethanolamine (PE), PE

with omega-6 arachidonic acid and total HexCer (p < 0, 05). Oxylipins derived from omega-6

linoleic acid were significantly higher in male patients with ME/CFS compared to males with SC

(p < 0, 05). Principal component analysis showed that most PCs and some PE, PI, and SM

species were negatively associated with headache severity and fatigue; this correlation was not

sex-specific (p < 0, 05). Lower correlations of oxylipins and ethanolamides were associated with

headache, fatigue, and cognitive difficulties. This correlation was sex-dependent (p < 0, 05) [108].

• The mean concentration of α-melanocyte-stimulating hormone was significantly higher in patients

with ME/CFS compared with the control group (p = 0, 02). There was a negative correlation

between disease duration and plasma concentration of alpha-melanocyte-stimulating hormone (p =
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0, 04). In patients with diagnosis ≤ 5 years, there was a significant difference in α- melanocyte-

stimulating hormone concentration compared to the control group (p < 0, 01) [109].

• Endothelial dysfunction, as measured by flow-mediated dilatation and post-occlusive reactive hy-

peremia, was significantly lower in ME/CFS patients compared to the control group (p = 0, 005 y

p = 0, 003, respectively) [110].

2.6 Design of studies on biomarkers

The following is an example of the design of some of the studies referenced. It is an example for most of

those presented in list 2.5.8.

The first study indicated that the analysis of micro RNAs [71], in particular, MiRNA-21, which is

associated with 16 diseases as diverse as some oncological or cardiac diseases [111]. It is also associated

with autoimmune diseases. The study indicates that a sample size of n = 87 was analyzed, with the

control group being a healthy population of n = 29, mostly men. This study shows that there is an

overexpression of MiRNA-21 in this sample.

If MIR-127-3p is analyzed in [65] it is known to be associated with an increase in IL - 10 (a marker

studied and referenced in the exposed relationship) which can lead to inflammatory responses or develop

various lymphomas. The sample size is n = 40 with the control group of healthy participants n = 20 with

no information other than age to analyze the participants’ phenotype. MIR- 127-3p is also associated as

a biomarker for frontotemporal dementia [112] or gastric cancer [113].

Finally, a study proposing NK as a biomarker in [78] is analyzed without wanting to extend it. The

sample size is n = 145 with a control group of healthy patients n = 50. A significant gender difference

is observed, with 70% of records in affected patients being female and only 57% in controls. The results

show a lower number of NK in affected patients. It has been linked to several autoimmune diseases.

2.6.1 Conclusions

Definition of the design of the participants

The following limitations were detected in all the studies:

1. The control group is made up of healthy participants.

2. There is heterogeneity in the group of patients affected by ME/CFS; the sex ratio is not considered,

and their clinical history is not reported.

3. Since the biomarkers cover a variety of diseases and do not provide a discriminating factor, the

conclusions always have the limitation of confirming the initial hypothesis.
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Discriminant design proposal

If the aim is to define biomarkers characteristic of the population affected by ME/CFS, consideration

should be given to defining the groups to be compared in such a way that there is homogeneity in order

to seek discriminating results.

For example, autoimmunity in ME/CFS and its characterization would be investigated. For this

purpose, the target population would be defined as follows:

1. A homogeneous population is defined based on the clinical history of patients with ME/CFS who

have answered the SF-36 questionnaire and which correspond to the group of patients with in-

hospital stress test results in the Webber classification in groups C and D.

2. The control group is defined as patients with cardiovascular disease who are classified by a hospital

stress test according to the Webber classification in groups C and D.

Thus all patients will have an autoimmune characterization, and the analysis should focus on:

• Compare autoimmune biomarkers.

• Compare other biomarkers.

In this way, we would expect common results in the analysis of immunological biomarkers with

homogeneous patients (belonging to group C and D of Webber’s classification) and we would look for

other types of biomarkers to characterize the ME/CFS population.

If this type of analysis is performed by comparing different groups with diseases that respond to the

same pattern, discriminating biomarkers would be detected to help define a characteristic phenotype of

ME/CFS.

2.7 Long-term forecast

The prognosis for ME/CFS is variable. Patients may show some improvement during the first five years

of the illness and usually stabilize at a level of health below their level of functioning before the illness.

The majority of patients never return to their pre-morbid level of health or functioning. [114] [115].

In a review of 14 studies, the conclusion was that [116]:

• Five percent of patients recovered with a range [0 %-31 %)].

• Forty percent of patients improved during follow-up with a range [8%-63%].

• Between 8% and 30% returned to work.
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• Between el 5% and 20% of patients reported a worsening of symptoms.

They may have mild disability (able to work normal hours or work from home), or moderate or severe

disability (confined to bed) [117]. Patients often have good days (remissions) and bad days during the

disease, called crises [118]. Some patients may have a gradual worsening of the disease. Risk factors for

disease severity are [119] [120]:

• The severity of the disease at the time of onset.

• The standard of early disease management. Late diagnosis or overexertion in the early stages of

the disease is likely to lead to physical deterioration of the patient.

• Having a mother with the disease.

• Comorbid diagnosis of fibromyalgia.

Death certificates for patients with ME/CFS are generally documented as if the patient died of

some other co-morbid illness, since the cause of death is not listed as ME/CFS on the death certificate.

Therefore, it is impossible to determine the mortality rate by reviewing death certificates because patients

with ME/CFS are not reflected on death certificates. One study found suicide, heart disease, and cancer

to be the most common causes for death in ME/CFS patients, and the average age at death from these

causes was significantly lower than the national average. The overall death rate in people with ME/CFS

was not significantly different from the standard death rate [121] [122].

2.8 Economic costs

ME/CFS is a debilitating chronic illness. It places an enormous burden on those affected and their

caregivers and the healthcare system. It is estimated that between 836,000 to 2.5 million Americans

suffer from ME/CFS, resulting in an annual financial cost ranging from 17 to 24 billion US$ per year.

Unemployment rates among those with the disease range from 35% to 69%. Individual income losses are

approximately $20,000 per year per household [33].

The economic costs to patients, their families and society are enormous. Annual direct medical costs

per patient with ME/CFS range from $2,342 in a community-based sample (previously undiagnosed) to

$8,675 in a tertiary sample (previously diagnosed) [123]. Seventy-three percent of those affected were

unable to work [124]. In another study, 25% were bedridden [125].

The 2005 and 2010 Canadian Community Health Survey documented that patients with ME/CFS are

significantly impaired compared to Canadians with other chronic diseases such as cancer and heart disease.

Patients with ME/CFS reported high levels of permanent disability, a need for help with activities of daily

living, and a high number of medical consultations (more than 10 per year). A substantial proportion

reports a loss of income and productivity of $20,000 per patient, with many reporting an annual household

income of less than $15,000 [119] [123].
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Why do physicians struggle to diagnose ME/CFS when it is presented to them? A

first hypothesis would be inadequate training: Most medical schools do not include ME/CFS in their

undergraduate programs. Medical textbooks are not up to date in this area of medicine. Physicians, both

general practitioners and specialists, have not been taught about ME/CFS in a formal and systematic

way, as was done in the past for emerging diseases such as HIV/AIDS. As a result of the lack of profes-

sional training in ME/CFS, it takes many years for patients to receive a diagnosis. There is a need for

information, visibility, and awareness campaigns about the syndrome.

2.9 The treatments

In the absence of a specific treatment for the condition, the primary role of the clinician is to confirm

the diagnosis, educate the patient about the importance of avoiding overexertion and mental stress,

"pacemaker" therapy, and the use of medications to manage symptoms as necessary and appropriate

for the patient. It is important to follow up periodically, to establish follow-up times, as well as to

monitor progress and consider the possible development of new diagnoses and comorbidities. "Pacing" is

the interruption of physical or mental activity with periods of rest before significant levels of fatigue or

symptom exacerbation are reached or expected after the patient has been diagnosed with exertion. As

a general rule of thumb, although flexibility should be exercised to reflect the particular circumstances,

needs, and conditions of each patient, it is recommended that activity be maintained at two-thirds of the

duration and intensity expected (based on past experience) to produce post-exertional symptoms [24].

Recent studies suggest that cognitive behavioral therapy may have a role in the treatment of ME/CFS.

It may have long-term benefits in chronic fatigue [126], but with little evidence, it should be used with

caution to avoid frustration [127]. It should be kept in mind that this i s supportive and not curative

therapy [128].

American recommendations for palliation of ME/CFS symptoms have been published during 2021

[129]. Some disease experts are evaluating the selective use of antivirals and immunomodulators in

ME/CFS and have seen promising results in some patients. Specialized consultation may be helpful in

identifying and treating these or other aspects of the disease. Clinicians should also be aware of any

potential impact of excipients in drugs. The following are symptoms that are recommended for medical

management [129]:

• Drugs for orthostatic intolerance

• Drugs to improve sleep.

• Drugs for cognitive impairment and fatigue

• Drugs for pain.

• Drugs for immune dysfunction.

• Drugs under suspicion of small intestinal bacterial overgrowth.
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2.10 Open clinical trials and research lines

The following is a list of studies in progress in which I participate as a member of the multidisciplinary

team:

1. Pivotal, single-center, randomized, double-blind, comparative clinical trial to assess the improve-

ment of fatigue, pain, quality of life, sleep, depression-anxiety and neurovegetative alteration after

the administration of melatonin and zinc versus placebo in patients with chronic fatigue syndrome

associated with COVID19 infection (CFIDS). Funding source: Fundacion Mutua Madrileña.

2. Study of the neuropsychological profile in adult patients with Chronic Fatigue Syndrome using the

computerized software CPT-3 (Conners Continuous Performance Test).

3. Longitudinal study of the microbiota in adult patients with chronic fatigue syndrome. Project code

PR(AG)257/2021.

4. Study of physical exercise intolerance (PEI) in adult patients with chronic fatigue syndrome (CFS)

by performing a two-day cardiopulmonary exercise stress test (CPET). Project code PR-AG9

01/2020.

5. Characterization of post-exertional fatigue, cognitive dysfunction and dysautonomia in post-COVID-

19 syndrome: a new emerging paradigm within post-viral syndromes.

6. Pivotal, single-center, randomized, double-blind, comparative clinical trial to assess the improve-

ment of fatigue, pain, quality of life, sleep, depression-anxiety and neurovegetative alteration after

the administration of melatonin and zinc versus placebo in patients with chronic fatigue syndrome.
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Patient management in the specialized

unit of Vall d’Hebron Hospital

3.1 Protocols of diagnosis

The accredited chronic fatigue unit of the Vall d’Hebrón Hospital in Barcelona, led by Dr. José Alegre

Martín, has maintained a registry of patients diagnosed with ME/CFS from January 2008 to date. The

study population are patients older than 18 years and meet the inclusion criteria, which coincide with

those of diagnosis of ME/CFS according to the criteria of Fukuda 1994 [130] and Carruthers 2003 [35],

Chronic Fatigue (CF) associated with cancer survivor [131], CF associated with immuno-inflammatory

diseases [36], CF associated with other infectious diseases [132] and idiopathic CF [133].

Each record contains information on socio-demographics (age, sex, marital status, profession and

educational level) and clinical variables, such as the family history of CFS, FM, auto-immune diseases,

rheumatologic diseases, thyroid diseases, characteristics of fatigue including the apparent trigger-physical

trauma, intoxication, stressful life event, surgical intervention, infectious process, transfusion, pregnancy-

childbirth, bariatric surgery, not specified), a form of onset of fatigue (sudden, gradual, insidious), its

evolutionary course (improvement and/or worsening), and the age of onset and time of evolution.

The presence of non-restorative sleep, recurrent headache, and muscular, cognitive, neurological,

neurovegetative and immunological symptomatology was recorded [28]. Also somatic comorbid phe-

nomena, such as fibromyalgia (FM), temporomandibular joint syndrome, dry syndrome, thyroiditis and

hypothyroidism, endometriosis, multiple chemical hypersensitivities, ligamentous hyperlaxity, shoulder

tendinopathy, degenerative and/or mechanical vertebral disease, plantar fasciitis, epicondylitis, shoulder

carpal tunnel, dyslipidemia, and hypovitaminosis D [134]. And comorbid psychological phenomena, such

as generalized anxiety, depression, panic attacks, dysthymia, personality, and adaptive disorder.

The pharmacological treatment prescribed for each patient was also recorded, specifically: antidepres-

sants (tricyclics, duals, SSRIs), anticonvulsants, opioids (minor, major), NSAIDs, analgesics, anxiolytics,

27
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whether they underwent cognitive-behavioral therapy and programmed physical exercise therapy, in ad-

dition to a multidisciplinary treatment program.

In the study of the ME/CFS patient, after diagnosis and assessment of comorbid phenomena, it is

essential to quantify and evaluate fatigue, quality of life or anxiety and/or depression psychopathology

using a battery of clinically self-administered questionnaires. There are currently few specialized ME/CFS

units in the world, which also have a relatively low number of well-documented cases and a lack of publicly

available data compared to other disorders.

As already discussed, there are no commercially available diagnostic tests, specific laboratory biomark-

ers, or specific drugs approved by the Federal Drug Association (FDA) for ME/CFS syndrome [134].

Therefore, each subject to be diagnosed with ME/CFS must undergo an evaluation according to Fukuda

criteria and a procedure that each unit has established using validated self-administered questionnaire

batteries. The self-administered questionnaires used by this unit are:

• The fatigue impact scale FIS40 [135] and FIS8 [136].

• Sleep quality using the PSQI questionnaire [137].

• General quality of life such as the Short Form Health Survey (SF-36) questionnaire [138].

• The Symptom Checklist-90-revised psychological inventory (SCL 90 R) [139].

• The Hospital Anxiety and Depression Scale (HAD) [140].

No consensus exists on the number and type of questionnaires, so not every unit has the same number

of questionnaires per person. As a result, it is complex for ME/CFS units to have a large number of

records of the questionnaires that are needed to efficiently carry out large longitudinal and multi-center

studies of patients with this pathology using the latest advances in data analysis, such as machine

learning techniques [141].

3.2 Use of questionnaires

There have been positive evaluations of the usefulness of using general health status questionnaires in

randomized trials. Whether or not the results are consistent with the primary outcomes, it would be

important to collect and report such data systematically [142]. The SF-36 was originally developed as a

general health survey instrument. It has been translated into over 50 countries as part of the International

Quality of Life Assessment Project and has become the most widely validated and used generic QOL

(quality of life) instrument. It has broad applications for population health surveys, comparing relative

disease burdens, and distinguishing between the health benefits of different interventions [143].

The SF-36, which is not specific to fatigue, was found to be the most widely used measure in a

review of randomized clinical trials in ME/CFS. The SF-36, especially the physical functioning subscale,

has been consistently used as the primary efficacy measure, often in combination with other specialized
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fatigue measures such as the Checklist Individual Strength (CIS) or the FIS-40. Questionnaires are

further discussed in the scientific literature in Section 5.1.
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ME/CFS population-based dataset

4.1 Definition

On October 18, 2006, the research project entitled "Population-based registry of patients with chronic

fatigue syndrome," presented by Dr. José Alegre Martín, was submitted to the clinical research ethics

committee and the Vall d’Hebrón Hospital research commission in Barcelona. After its approval, the

cases diagnosed with ME/CFS have been recorded by the specialized unit of the same hospital. The

following is a descriptive analysis of the variables collected. The results are updated as of November

2023. The patients come predominantly from Catalonia (89%) and the rest come from other autonomous

communities. This analysis updates the statistical analysis of 824 cases from 2011 [144] of the same

project.

4.2 Statistical analysis

This prospective cross-sectional study included 89.3% women and 10.7% men. Data from the SF-36,

HAD, FIS8, FIS40, FIS40, SCL 90 R and PSQI questionnaires have been obtained and recorded from

2008 to 2023. See the final records in Table 4.1. Patients were eligible if they were 18 years of age or

older and had a confirmed diagnosis of ME/CFS according to the 1994 CDC/Fukuda definition [130] and

provided signed written informed consent and ethics committee approval. These inclusion criteria have

been updated as detailed in section 3.1.

Sixty percent of the patients reported that they were not employed. Twenty-six percent are working

and 14% have never worked. There is an increasing percentage of ME/CFS patients who end up with

permanent and absolute disability.

The following is a summary of the records of the questionnaires used in the study detailed in Table

4.1. Throughout the research presented in this paper, these datasets were used. The summary statistics
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are relevant for several purposes:

• There are no databases with a similar volume. The results presented below are of interest to

corroborate or qualify the conclusions of studies based on meta-analysis of the scientific literature.

• Information on more than 100 variables is collected from each patient. It is still in the analysis

phase, and several works in development are expected to shed light on the syndrome.

Table 4.1: Statistical summary of questionnaires collected

Questionnaire Records Questions Subscales Total Value Response Range

SF-36 2.346 36 10 NO {1,2,3,4,5,6}

HAD 2.339 14 2 SI {0,1,2,3}

FIS8 2.057 8 0 SI {0,1,2,3,4}

FIS40 2.362 40 3 SI {0,1,2,3,4}

SCL 90 R 2.361 90 12 NO {0,1,2,3,4}

PSQI 1.959 34 7 SI {0,1,2,3}

Data available for each questionnaire and characteristics of the questionnaires. From left to right, the title of

each column means Records: number of forms available. Questions: number of questions per questionnaire.

Subscales: number of subscales defined. Usually, a total summary value would be composed of the sum of the

subscales in the HAD, FIS40, and PSQI questionnaires. In the case of SF-36, "global" values are created using

mathematical formulas. Total value: The questionnaire offers a single summary value. Response range:

Possible response values for each question.

The study’s relevant statistical data are presented below. Graphs are used as much as possible to help

us understand the information and facilitate attention to the relevant information. The figure caption

expands the information in the graph.
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Figure 4.1: Histogram of age, by gender

Histogram of age, taking into account that 89.3 % of the sample are women and the remaining 10.7 % are men.

The age distribution in both sexes does not show significant statistical differences being the mean and standard

deviation data for men and women respectively µ = 48.20, σ = 10.77 y µ = 43.77, σ = 11.99.

Figure 4.2 shows the details of the diagnoses of the patients who followed the inclusion criteria of the

registry, and which forms associated with immunological diseases are noted in detail:

• Sjögren’s syndrome (n = 5), multiple sclerosis (n = 68), inflammatory bowel disease (n = 82),

systemic lupus erythematosus (n = 28), rheumatoid arthritis and other inflammatory rheumatic

diseases (n = 52) and 6 patients affected by idiopathic thrombopenic purpura.

• In cancer survivors, breast (n = 88), prostate (n = 10), colon (n = 8), lymphoma (n = 21) and 9

other types.

• In those related to chronic infections 13 hepatitis B virus, 18 hepatitis C, 6 human immunodeficiency

virus and 12 poliomyelitis.

• Of the psychiatric illnesses, bipolar major depression was reported in 35 cases and psychotic major

depression in 10 cases.

• Of the remainder, heart failure (n = 9), chronic obstructive pulmonary disease (n = 12) and two

cases of paroxysmal nocturnal hemoglobinuria were reported.
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Figure 4.2: Histogram according to diagnosis

Diagnoses of patients who have followed the inclusion criteria of the registry and that forms associated with

immunological diseases are noted.

Figure 4.3 shows the highest level of education at the time of diagnosis and interprets non-compulsory

secondary education as the High School and intermediate and higher training cycles or previously Voca-

tional Training.

Figure 4.3: Histogram according to academic education

figure 4.4 shows information on the type of work performed at the time of registration. Specialized

work requires more academic training. In this classification, half of the patients recognize their profession

as non-specialized, considering the rest of the options.
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Figure 4.4: Histogram by profession

figure 4.5 shows whether the patient reports an FHH and, if so, the number. In this case, several

relatives up to the second degree of consanguinity may suffer from one of the diseases detailed in Figure

4.6. Information is collected on whether any FHH is known in the following cases:

• According to the degree of consanguinity: it is recorded in father or mother, children, and siblings.

• Depending on the background, the following are asked: ME/CFS, Fibromyalgia (FM), Immune

diseases, rheumatologic diseases, and thyroid diseases.

Figure 4.5: Family Health History (FHH

Forty percent of the patients state that they know of a close relative who has suffered or is suffering from one of

the diseases. One refers to knowing of a case, and so on.
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Figure 4.6 analyzes the results of 40% of patients who report a FHH of one of the described types.

Thus, when it is indicated that 16.5 %, it is with respect to 40 % of those with a known FHH.

Figure 4.6: Family history by type.

Family health history (FHH) is recorded according to 5 diseases and according to the degree of co-blood

relationship. From the prefixes, FHH: SFC:FHH of ME/CFS. FM: FHH in fibromyalgia. Autoinmune: FHH

of autoimmune diseases. Rheumatism: FHH in rheumatologic diseases. Tiroides: FHH in thyroid diseases.

The degree of family consanguinity is registered ’father’: Family ancestor of the father or mother, and

successively, ’brother’, ’2ndDegree’.

The values represent the percentage of patients who report some type of FHH. The first row should

be read: FHH of sibling in fibromyalgia represents 16.5% of the total FHH recorded. For a correct

interpretation of Figure 4.6, it should be taken into account that of the 40% of the records where a FHH

has been noted.

Of those with a FHH:

• Forty percent are recorded as CFS.

• Forty-one percent are registered as FM.

• Thirty-three percent are recorded as autoimmune disease.
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• 14% are recorded for rheumatologic disease.

• Thyroid disease accounts for 19%.

These data are analyzed with a recommendation algorithm [145]. This involves analyzing the fre-

quency and its relationship with that associated with the previous data, from which the first rows of the

result are incorporated in Table 4.2.

Table 4.2: Results of the recommendation algorithm for family history data.

Antecedent Consequent Frec1 Frec2 Support Confidence

FHHfm’ FHHsfc_child’ 1.6% 2.7% 1.4% 85.7%

FHHsfc_fathers’ FHHfm_fathers’ 4.6% 5.4% 3.5% 75.4%

FHHsfc_silibing’ FHHfm_silibing’ 5.7% 6.5% 3.8% 66.9%

FHHfm_fathers’ FHHsfc_fathers’ 5.4% 4.6% 3.5% 65.2%

FHHsfc_2ndDegree’ FHHfm_2ndDegree’ 2.6% 2.9% 1.6% 63.2%

FHHfm_silibing’ FHHsfc_silibing’ 6.5% 5.7% 3.8% 59.1%

FHHfm_2ndDegree’ FHHsfc_2ndDegree’ 2.9% 2.6% 1.6% 56.6%

FHHsfc_child’ FHHfm_child’ 2.7% 1.6% 1.4% 50.0%

Explanation of variables. Antecedent: The detailed antecedent occurs. Consequent: When the consequent

occurs, knowing that the antecedent has occurred. Frec1: Probability (prevalence) that the antecedent occurs

Frec 2: Probability (prevalence) that the consequent occurs. Support: Probability that the antecedent will occur

simultaneously with the consequent. Confidence: The conditional probability that if the antecedent occurs, the

consequent occurs. For a value of Confidence = 1 it means that whenever the first occurs, the second occurs.

The reading of Table 4.2 follows, in its first row:

• FHHfm child: FHH of the child (FHH) suffering from fibromyalgia (fm). In the registry it occurs

1.6% of the time.

• FHHsfc child: FHH of the child (FHH) suffering from ME/CFS. In the registry, it occurs 2.7% of

the time.

• The occurrence of both happens 1.4% of the time, but when the antecedent happens, 85.7% of the

time the consequent happens.

Considering that the records analyzed are 40% of the total, it follows that FHH is usually associated

with ME/CFS and FM.

Figure 4.7 records the personal history of the patient at the time of diagnosis of ME/CFS, whether

he/she has been previously diagnosed with episodes of fatigue, pain, autoimmune diseases, or has been



Chapter 4 : ME/CFS population-based dataset 37

diagnosed with any of the psychological pathologies described. Fatigue and, to a lesser extent, pain are

the most common episodes.

Figure 4.7: Personal history

figure 4.8 shows graphically the records related to the time of fatigue detection, both the onset and

other relevant data.

Among patients with gradual onset (accounting for 78% of cases), 89% reported worsening during

the course of the disease. As for the apparent trigger, the percentages were 19% stressful life event, 11%

infection, 10% childbirth, and 9% physical trauma or surgery.

Figure 4.8: Disease onset form

Figure 4.7, fatigue and pain have been common antecedents in patients diagnosed with ME/CFS.

These aspects, such as the age of onset, time of evolution, and intensity, are analyzed. It should be noted

that the mean evolution of fatigue and pain was 10 years at the time of diagnosis.



Chapter 4 : ME/CFS population-based dataset 38

Figure 4.9: Age at onset of fatigue

The mean age of fatigue onset was µ = 37.5 years with a standard deviation σ = 11.13.
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Figure 4.10: Age at onset of pain

The mean age at onset of pain was µ = 36.4 years with a standard deviation σ = 13.3.

Figure 4.11: Histograms of fatigue evolution time (left) and average pain evolution time (right) measured

in months.

The mean time of evolution of fatigue was µ = 121.5 5 months and σ = 97 and the mean time of evolution of pain

was µ = 113.6 and σ = 98. A similarity is observed in both statistics, and both the time of evolution of fatigue

and pain show similar µ y σ values.
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Figure 4.12: Histograms of fatigue and pain values according to the visual analog scale (VAS

The Visual Analog Scale (VAS) measures the intensity of pain or fatigue felt by the patient in a way that is

reproducible to the investigator. For zero values, it indicates no or less intensity, and for values close to ten, it

indicates greater intensity. The patient scores the intensity, which is measured in centimeters or millimeters. In

both cases, the histograms are very similar, with values close to 8.

Figure 4.13 shows the variables analyzed on the symptomatology referred to the type of sleep, of

which the following were collected when asked if the sleep was not restful:

• If the sleep was superficial, if there were frequent nightmares, if there was insomnia, hypersomnia,

daytime sleepiness (somnolence).

• The associated phenomena were also recorded: restless legs syndrome (legs), sleep paralysis syn-

drome (sleep paralysis), snoring and sleep apnea syndrome. The number in percentage is expressed

as a percentage of the total number of symptomatology records.

Figure 4.13: Relationship of sleep symptomatology

Figure 4.14 shows the descriptive statistics of muscle symptomatology, which included generalized pain

(Generalized), muscle weakness (Weak), post-exercise fatigue (Post-exercise), difficulty in fine movements
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(Movements), marked muscle contractures (Contractures), myofascial syndrome (Myofascial), myoclonic

(Myoclonic) and falls due to loss of tone (Falls). The values express the percentage of registered patients

reporting these symptoms.

Figure 4.14: Muscle symptomatology relationship

Figure 4.15 shows the descriptive statistics on cognitive symptomatology. The following variables

are recorded: impaired concentration (concentration), impaired recent memory (memory), impaired task

planning (tasks), impaired calculation (calculation), reading difficulty (reading), confusion with frequent

forgetfulness (forgetfulness), temporospatial disorientation (spatial), episodes of nominal aphasia (apha-

sia), auditory-visual agnosia (visual). Values are expressed as a percentage of the total number of records.

Figure 4.15: Relationship of cognitive symptomatology

Figure 4.16 shows the descriptive statistics on neurological symptomatology. The following are

recorded:

The existence of ataxia and/or dyssymmetry (ataxia), sensory hypersensitivity (sensory), and, in the

previous affirmative case, if the cause is light (light), noise (noise), or odors (odor). Visual disturbances

(visual) were also recorded, and it is specified whether it is blurred vision (vision), light spots (luminance),
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or amaurosis (amaurosis). Finally, motor incoordination with or without falls (falls) is recorded. The

values show the incidence in the registration sample, but in the case of value specificity (as in the case of

sensory hypersensitivity and visual disturbances) the extent of each of them is recorded.

Figure 4.16: Neurological symptomatology relation

Figure 4.17 shows the statistics on neurovegetative symptomatology. The following symptoms are

collected:

Dizziness or head instability (dizziness), vertigo (vertigo), episodes of orthostatic hypotension (ortho-

static hypotension), lipothymias, syncope, frequent palpitations (palpitation), tremors (tremor), profuse

sweating (sweating), altered bowel rhythm (bowel), altered urination (urination), decreased libido/anor-

gasmia/impotence (libido), visual accommodation difficulties (visual). Values indicate the incidence of

each symptom in relation to the sample.
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Figure 4.17: Relationship of neurovegetative symptomatology

figure 4.18 shows the descriptive statistics on immunological symptoms. The following are collected:

Recurrent febrile fever, recurrent odynophagia (odynophagia), painful lymph nodes, Raynaud phe-

nomenon (Raynaud) sensation of numbness and coldness in some areas of the body, such as fingers and

toes, in response to cold temperatures or stress, generalized morning numbness (numbness), migratory

arthralgias (arthralgia), multiple drug allergies (allergy), food intolerance (Eating Syndrome), multiple

metal allergies (metal) and if collected if the patient specifies the type of metal, history of sinusitis (si-

nusitis), facial edema, cold sores (thrush), herpes and candida. The values refer to the incidence of these

symptoms in the total sample.

Figure 4.18: Relationship of immunological symptomatology
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Of the comorbidities, data on fibromyalgia, regional myofascial syndrome, degenerative spine dis-

ease, shoulder tendinopathy, epicondylitis, trochanteritis, patellar chondropathy, plantar fasciitis, carpal

tunnel syndrome, ligamentous hyperlaxity were collected in Figure 4.19. Data on vitamin D and bone

metabolism were collected on vitamin D depletion, osteopenia, and osteoporosis. Metabolic syndrome

and vascular risk data were collected on hypercholesterolemia, hypertriglyceridemia, diabetes mellitus,

peripheral insulin resistance, arterial hypertension, increased abdominal perimeter, overweight, obesity,

peripheral arteriopathy, ischemic heart disease, cerebral infarction, and vascular risk. Data on dry syn-

drome, endometriosis, goiter, hypothyroidism or thyroiditis, hyperthyroidism, bronchial asthma, chronic

urticaria, and other immune phenomena were collected. Regarding hypersensitivities, data were collected

on multiple chemical hypersensitivity, electromagnetic hypersensitivity, intolerance to gluten, lactose, or

fructose, and intolerance to drugs, pollen, or others. Regarding psychopathology, it was recorded whether

there was an adaptive disorder, dysthymia, personality alteration, anxiety and panic disorder, or hyper-

activity. Finally, data were collected on tinnitus, bilateral neurosensory hyperacusis, repeated unilateral

infections, chronic inter syndical cystitis, irritable bladder syndrome, chronic prostatitis, mitral valve

prolapse, or cancer.

Figure 4.19: Frequent comorbidities collected in the study and their prevalence.

Figure 4.20 shows the treatments prescribed at the time of the registry. Seventy-five percent of the

patients reported pharmacological treatments. Antidepressant treatments are specifically included, being

tricyclic, dual, and selective serotonin inhibitors (such as Citalopram (Celexa), Escitalopram (Lexapro),
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Fluoxetine (Prozac), Paroxetine (Paxil, Pexeva) or Sertraline (Zoloft)). Pharmacological treatments for

pain are specifically Tramadol, Paracetamol (including Ibuprofen), and major opioids (characterized by

having no analgesic ceiling, i.e., the degree of analgesia grows almost unlimitedly with the dose and could

reach a very high analgesic ceiling were it not for their adverse effects. These are morphine, fetanyl, oxy-

codone and methadone). Non-steroidal anti-inflammatory drugs (aspirin, ketoprofen, celecoxib, diclofenac

or ketorolac) and anxiolytics or sedatives. Non-pharmacological treatments include cognitive-behavioral

therapy, programmed physical exercise, multidisciplinary treatment programs or other alternative treat-

ments.

Figure 4.20: Recorded treatments
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State of the Art

5.1 Use of questionnaires in clinical longitudinal trials

The usefulness of self-administered questionnaires on general health status has been positively evaluated

in randomized trials. It would be necessary to systematically collect and report such data, regardless of

whether the results agree with the primary outcomes or not [142].

A review of the scientific literature is presented below to contextualize the use of self-administered

questionnaires to measure effectiveness in different contexts related to ME/CFS. The titles of the studies

relate to the research field and the type of questionnaire in use. The fields are diverse, as can be seen.

Where appropriate, global data or subscales are usually used as numerical variables.

STUDY AND SCALES STUDIED

• Multidisciplinary rehabilitation treatment versus cognitive behavioral therapy for patients with

chronic fatigue syndrome: a randomized controlled trial [146].

– SF-36 Gloval Values

• Health-related quality of life in patients with chronic fatigue syndrome: group cognitive behavioral

therapy and graded exercise versus usual treatment. A randomized controlled trial with one year

of follow-up [147].

– SF-36 Global Values

• Cognitive behavioral therapy in chronic fatigue syndrome: a randomized controlled trial of an

outpatient group program [148].

– SF-36 Global Values

• A Preliminary Placebo-Controlled Crossover Trial of Fludrocortisone for Chronic Fatigue Syndrome

[149].

46
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– SF-36 Global Values

• Treatment and management of chronic fatigue syndrome/myalgic encephalomyelitis: all roads lead

to Rome [134].

– SF-36 Global Values

• Comparison of adaptive pacing therapy, cognitive behaviour therapy, graded exercise therapy, and

specialist medical care for chronic fatigue syndrome (PACE): a randomised trial [150].

– SF-36 Physical Function

• Guided graded exercise self-help plus specialist medical care versus specialist medical care alone for

chronic fatigue syndrome (GETSET): a pragmatic randomized controlled trial [151].

– SF-36 Physical Function

• Effectiveness of a group-based self-management program for people with chronic fatigue syndrome:

a randomized controlled trial [152].

– SF-36 Physical Function

• Randomised Controlled Trial of Cognitive Behaviour Therapy Delivered in Groups of Patients with

Chronic Fatigue Syndrome.

– SF-36 Physical Function

• Cognitive Behaviour Therapy for Chronic Fatigue Syndrome in Adults: Face to Face versus Tele-

phone Treatment - A Randomized Controlled Trial [153].

– SF-36 Physical Function

• Implementing a minimal intervention for chronic fatigue syndrome in a mental health centre: a

randomized controlled trial [154].

– SF-36 Physical Function

• Cytokine Inhibition in Patients With Chronic Fatigue Syndrome [155].

– SF-36 Physical Function

• Nurse led, home based self help treatment for patients in primary care with chronic fatigue syn-

drome: randomised controlled trial [156].

– SF-36 Physical Function

• Dietary intervention in chronic fatigue syndrome [157].

– SF-36 Physical Function

• Randomised controlled trial of patient education to encourage graded exercise in chronic fatigue

syndrome [158].

– SF-36 Physical Function
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• Implementing a minimal intervention for chronic fatigue syndrome in a mental health centre: a

randomized controlled trial [154].

– SF-36 Physical and Social Function

• Effectiveness of Distant Healing for Patients with Chronic Fatigue Syndrome: A Randomised Con-

trolled Partially Blinded Trial (EUHEALS) [159].

– SF-36 Mental Function

• Effect of Melatonin Plus Zinc Supplementation on Fatigue Perception in Myalgic Encephalomyeli-

tis/Chronic Fatigue Syndrome: A Randomized, Double-Blind, Placebo-Controlled Trial [160].

– SF-36 + FIS 40

• Effect of Dietary Coenzyme Q10 Plus NADH Supplementation on Fatigue Perception and Health-

Related Quality of Life in Individuals with Myalgic Encephalomyelitis/Chronic Fatigue Syndrome:

A Prospective, Randomized, Double-Blind, Placebo-Controlled Trial [160].

– SF-36 + FIS 40

• Yeast Beta-Glucan Supplementation with Multivitamins Attenuates Cognitive Impairments in Indi-

viduals with Myalgic Encephalomyelitis/Chronic Fatigue Syndrome: A Randomized, Double-Blind,

Placebo-Controlled Trial [141].

– SF-36 + FIS 40

• Physical activity measures in patients with myalgic encephalomyelitis/chronic fatigue syndrome:

correlations between peak oxygen consumption, the physical functioning scale of the SF-36 ques-

tionnaire, and the number of steps from an activity meter [161].

– SF-36 + VO2 CPET

• Does Oral Coenzyme Q10 Plus NADH Supplementation Improve Fatigue and Biochemical Param-

eters in Chronic Fatigue Syndrome? [162].

– FIS - 40

The clinical trial of the only approved treatment for ME/CFS in one country.

• A Double-Blind, Placebo-Controlled, Randomized, Clinical Trial of the TLR-3 Agonist Rinta-

tolimod in Severe Cases of Chronic Fatigue Syndrome [163].

Two hundred thirty-four patients diagnosed with ME/CFS were analyzed to evaluate the efficacy of

Rintatolimod. The method was to analyze intra- and inter-group results by comparing baseline and week

40 of the Placebo/Rintatolimod treatment.

• Primary Endpoint.
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– Exercise tolerance.

• Secondary objectives.

– Vitality subscale (SF-36).

– Global values (SF-36).

– Karnovsky (KPS).

The results in the primary objective were positive, with a significant difference in increased exercise

tolerance, but not in the SF-36 results. The safety of the drug was questioned, and it is approved for use

in Argentina. The study is from 2012, and the FDA rejected its approval in 2013, as will be discussed in

8.1.

5.2 The use of machine learning in ME/CFS. The diagnostic tests

of image

Standard functional MRI analysis attempts to compare univariate regions of brain activation at rest or

during a task between patients with a diagnosis of ME/CFS and control groups. However, multivariate

classification methods have become increasingly popular to identify patterns of brain activity that may

differentiate disease physiology [164]. Machine learning algorithms such as logistic regression, support

vector machines (SVM), and random forests, combined with feature selection, can be applied to clus-

tered voxel data (the cubic unit that makes up a three-dimensional MRI) to identify patterns of brain

regions that may be indicative of disease [165]. The hypothesis is that acute physical stress, such as a

light exercise task, combined with implementing a machine learning algorithm, will identify a dominant

pattern of behavior during functional MRI scans of individuals with ME/CFS performing the n-back

reminiscence paradigm [166].

Working memory (WM), refers to the structures and processes used for temporarily storing and

manipulating information in the face of continuous processing and distractors. A popular assessment of

WM in the imaging literature is the N − back task. In this task, participants are presented with a series

of stimuli, and their decision regarding each stimulus is analyzed to determine whether it matches the

N previously presented items. Researchers have shown that processing load is systematically altered, as

expressed by changes in accuracy and reaction time (RT), by varying the value of N . The psychometric

properties of the N − back task as a measure of WM have been little studied despite its widespread use

in neuroimaging. Furthermore, little is known about individual differences in N − back performance and

their relationship to individual differences in WM on other measures of cognitive ability. [167].

Some findings suggest attentional dysfunction and possible distraction by sensory processing in pain

and interoception. Differential activation after exercise may indicate objective changes associated with

post-exercise discomfort involving the frontal and lateral temporal nodes of the default mode network,

sensory hypervigilance, and attention using the left rolandic operculum, the visual network and ventral
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attentional network, and the basal ganglia in the affective. However, a small number of analyzed cases

require further study for the evaluation of diagnostic methods of the disease using deep learning techniques

based on diagnostic imaging such as MRI [168].
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Consistency of contributions

The following is a list of the publications that are part of the compendium and their contribution to the

objectives. The common thread running through the papers is the use of the population-based registry

of patients with ME/CFS described in Chapter 4. The models generated throughout the research have

facilitated the findings presented in the papers. These models have demonstrated high accuracy due to

the adequate number of records that make up the database. This fact is different from similar research

and highlights the results obtained.

6.1 List of publications

6.1.1 Publication 1:

Unsupervised Cluster Analysis Reveals Distinct Subtypes of ME/CFS Patients Based on Peak Oxygen

Consumption and SF-36 Scores.

In this work, the authors demonstrate the relationship between responses to the self-administered

SF-36 questionnaire and peak oxygen consumption in the in-hospital stress test. These findings align

with the two primary objectives of the present thesis. On the one hand, a data science-based model is

proposed, which predicts oxygen consumption in a hospital stress test of an MS/CFS-affected patient

using a questionnaire response. On the other hand, an application is offered so that, from primary care,

a physician can detect this fact and can refer the patient to a specialized to a specialized hospital unit

on a preferential basis.

Both facts are relevant, and help predict the severity of the pathology and detect the physical deteri-

oration of the patient affected by ME/CFS early on.

The same model has been reproduced in another research center in another paper, which is still under

peer review. This confirms the results. The conclusions of both papers would confirm the use of the
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machine learning model as a predictor of the health status of the ME/CFS patient, as well as the use of

peak oxygen consumption in the exercise test as a biomarker.

Applied data science

In this publication the whole mathematical and algorithmic argument was provided as supplementary

material, which can be consulted in the appendix of this thesis. An explanation of the strategy followed is

given here, and I show the scheme in figure 6.1 without substituting in detail the documentation provided.

Figure 6.1: Flow diagram

The flowchart follows the BMPN notation.

The objective was to relate the results of a questionnaire to the results of a hospital stress test. In

other words, to relate what the patient feels through a series of questions to his or her physical fitness as

measured objectively in a hospital environment. The SF-36 questionnaire datatypes have been used as a

reference in the investigations consulted. However, a comparison is made between the two alternatives:

using the raw answers or the data types. Each response calculates a datatype so that one matrix can be

calculated by a linear application of the other (see in more detail in the appendix). This fact observes

the characterization of each patient as a vector formed by the different dimensions of each matrix. Since

we intend to create two groups of unlabeled vectors, we are required to use clustering algorithms.

This article uses linear algebra theory and its applications and a complete study of the use of clus-

tering algorithms that demonstrate that the raw response matrix provides better information than the

decatypes matrix, in contrast to what has been studied in the scientific literature so far.
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6.1.2 Publication 2:

Yeast Beta-Glucan Supplementation with Multivitamins Attenuates Cognitive Impairments in Individu-

als with Myalgic Encephalomyelitis/Chronic Fatigue Syndrome: A Randomized, Double-Blind, Placebo-

Controlled Trial.

It shows the efficacy of a nutritional product under study using the results of the answers to ques-

tionnaires used as a primary endpoint. This fact is relevant as it confirms the use of questionnaires for

prospective clinical trials of drug efficacy. It supports the relevance of the questionnaires and their routine

clinical practice and reinforces the importance of the findings in the other publications.

Applied data science

The results of this research publication are based on inferential statistics. Work is in progress on future

publications with the new biochemical data to be analyzed together. Visualization of the relevant results

makes it easier for the reader to understand the conclusions, and is a relevant field in data science. Figure

6.1 is discussed.

Figure 6.2: Paired data analysis

A two-dimensional graph is shown, with the abscissa axis represented by the time of data collection and the

ordinate axis by the values of the variable. Each record is identified with a point and the difference between the

two measurements, indicating in color whether it is reduced (green) or increased (red), providing the box plot for

a correct interpretation of the statistical data provided in the study.
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6.1.3 Publication 3:

A synthetic data generation system for questionnaires for myalgic encephalomyelitis/chronic fatigue syn-

drome.

The synthetic data model offers several services. On the one hand, it makes the generation of valid

synthetic data for syndrome research available to the scientific community. This fact is relevant due to the

scarce volume of records of this type of database in specialized international units. On the other hand,

it proposes an application that details information from up to seven different questionnaires mentioned

in section 5.1, using the answers of only one. This type of application can help to stratify the severity of

the syndrome once it has been diagnosed according to the diagnostic criteria.

Applied data science

The problem solved by this work is one of prediction. The models tested were regression and classifica-

tion models, the latter giving the best results. XGBOOST and neural networks have provided better

accuracy. Information on the process is provided in the publication, and this section, I will add some

details specialized in deep learning.

About the use of the “class-weight” parameter.

The final objective is to create a model that, knowing the answers to the SF-36 questionnaire, can

predict the answers to the rest of the questionnaires. Thus, the prediction is calculated question by

question. The order is established using the graph analysis explained in the article; in this case, we

start with the first question of the HAD questionnaire. Of the 4 possible answers, not all have the

same probability of being answered in our database, thus producing an imbalance. Of the 2321 HAD

questionnaires collected, the first question was answered:

• 66 option 1 with 0% success rate.

• 886 option 2 with 69% success rate.

• 807 option 3 with 51% success rate.

• 562 option 4 with 61% success rate.

The model did not predict any first-choice response, and yet it could still have a good accuracy ratio.

Detection of this fact is critical in this type of problem. In the following code, the expected weight of the

prediction is defined, and the model will "punish" the errors proportionally so that it corrects itself.

from s k l e a rn . u t i l s import c lass_weight

c las s_weights = class_weight . compute_class_weight ( ’ balanced ’ , np . unique (y ) , y )

c las s_weights = dict (enumerate( c la s s_weights ) )
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Tras el uso de este parámetro y un mejor ajuste, los resultados fueron:

• 66 option 1 with 80% success rate.

• 886 option 2 with 81% success rate.

• 807 option 3 with 76% success rate.

• 562 option 4 with 82% success rate.

Below is the code of the model used attached:

def model ( a c t i v a t i o n = ’ r e l u ’ , i n i t = ’ glorot_normal ’ , r e g u l a r i z e r = ’ l 2 ’ ) :

opt imize r = Adam( l r =0.0001 , beta_1=0.97 , beta_2=0.995 , e p s i l o n=1e−08)

# crea t e model

model = Sequent i a l ( )

model . add ( Dense (400 ,

input_shape=(X_train . shape [ 1 ] , ) ,

a c t i v a t i o n=ac t i va t i on ,

k e rn e l_ r e gu l a r i z e r = r e gu l a r i z e r ,

k e r n e l _ i n i t i a l i z e r = i n i t )

)

model . add ( Dense (200 , a c t i v a t i o n=ac t i va t i on , k e rn e l_ r e gu l a r i z e r =r e gu l a r i z e r ,

k e r n e l _ i n i t i a l i z e r = i n i t ) )

model . add ( Dropout ( 0 . 5 ) )

model . add ( Dense (100 , a c t i v a t i o n=ac t i va t i on , k e rn e l_ r e gu l a r i z e r =r e gu l a r i z e r ,

k e r n e l _ i n i t i a l i z e r = i n i t ) )

model . add ( Dense ( ohe . shape [ 1 ] , a c t i v a t i o n = ’ softmax ’ ) )

model . compile ( l o s s=’ ca t ego r i c a l_c ro s s en t r opy ’ , opt imize r=opt imizer , met r i c s=metr i c s )

return model

And when training the model, the “class-weights” parameter is added in the “fit” method,

e s t imator = Ke r a sC l a s s i f i e r ( bui ld_fn=model , nb_epoch=4000 , batch_size =64, verbose=0)

es = EarlyStopping ( monitor=’ va l_r e c a l l ’ , mode=’max ’ , pa t i ence = 400 , verbose=0)

mc = ModelCheckpoint ( ’ best_model_{ co l } . h5 ’ . format ( c o l = ’ tunning ’ ) ,

monitor=’ va l_r e ca l l ’ , mode=’max ’ , verbose =0, save_best_only=True )

h = est imator . f i t ( X_train , y_train , va l idat ion_data = (X_test , y_test ) ,

epochs = 4000 , batch_size = 64 ,

c lass_weight=class_weights , c a l l b a c k s = [ es , mc ] , verbose = 0)
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Each response has a value associated with it to calculate each questionnaire’s different datatypes and

provide the interpretation of the questionnaire. In preparing a synthetic data generator, the anonymity

of the real data must be preserved, but the statistical characteristics of the real data must be preserved.

On this basis, the model’s errors are calculated, and it is found that 95% of the errors differ by 1. As a

result, we obtain artificial records with a statistical structure corresponding to the original one.

6.1.4 Publication 4:

The Conners Continuous Performance Test CPT3™: Is it a reliable marker to predict neurocognitive

dysfunction in Myalgic encephalomyelitis/chronic fatigue syndrome?

The results analyzed from the data science point out relevant information: it postulates the result

of an objective test as a biomarker for measuring cognitive impairment in patients affected by MS/CFS.

This fact and other sub-analyses that are being carried out show a line of action for the early detection

of cognitive impairment and are part of the primary objectives of this thesis. A work has been developed

based on a subanalysis where it is demonstrated that the time of evolution of the disease influences

cognitive impairment and it is expected to be submitted to a journal for evaluation.
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Purpose: Myalgic encephalomyelitis, commonly referred to as chronic fatigue syndrome (ME/CFS), is a severe, 

disabling chronic disease and an objective assessment of prognosis is crucial to evaluate the efficacy of future 

drugs. Attempts are ongoing to find a biomarker to objectively assess the health status of (ME/CFS), patients. 

This study therefore aims to demonstrate that oxygen consumption is a biomarker of ME/CFS provides a method 

to classify patients diagnosed with ME/CFS based on their responses to the Short Form-36 (SF-36) questionnaire, 

which can predict oxygen consumption using cardiopulmonary exercise testing (CPET). 

Methods: Two datasets were used in the study. The first contained SF-36 responses from 2,347 validated records 

of ME/CFS diagnosed participants, and an unsupervised machine learning model was developed to cluster the 

data. The second dataset was used as a validation set and included the cardiopulmonary exercise test (CPET) 

results of 239 participants diagnosed with ME/CFS. Participants from this dataset were grouped by peak oxygen 

consumption according to Weber’s classification. The SF-36 questionnaire was correctly completed by only 92 

patients, who were clustered using the machine learning model. Two categorical variables were then entered into 

a contingency table: the cluster with values {0,1} and Weber classification {A, B, C, D} were assigned. Finally, 

the Chi-square test of independence was used to assess the statistical significance of the relationship between the 

two parameters. 

Findings: The results indicate that the Weber classification is directly linked to the score on the SF-36 ques- 

tionnaire. Furthermore, the 36-response matrix in the machine learning model was shown to give more reliable 

results than the subscale matrix ( p − value < 0.05) for classifying patients with ME/CFS. 

Implications: Low oxygen consumption on CPET can be considered a biomarker in patients with ME/CFS. Our 

analysis showed a close relationship between the cluster based on their SF-36 questionnaire score and the Weber 

classification, which was based on peak oxygen consumption during CPET. The dataset for the training model 

comprised raw responses from the SF-36 questionnaire, which is proven to better preserve the original informa- 

tion, thus improving the quality of the model. 

Introduction 

Myalgic encephalomyelitis (ME), commonly referred to as chronic 

fatigue syndrome (CFS), is a serious, complex, chronic, multisystem ill- 

ness of unknown etiology. It is also known as post-viral fatigue syn- 

drome as it is often triggered by a persistent viral infection. Research 

Abbreviations: ME/CFS, Myalgic encephalomyelitis chronic fatigue syndrome; CPET, cardiopulmonary exercise test; VO2 peak, peak oxygen consumption; VO2 

VT1, oxygen consumption at the anaerobic threshold; RPE, rate of perceived exertion; RER, respiratory exchange ratio. 
∗ Corresponding author: ADaS Lab - e-Health 5Center, Universitat Oberta de Catalunya, Rambla del Poblenou, 156, 08018 Barcelona. (SPAIN) 

E-mail address: mlacasaca@uoc.edu (M. Lacasa) . 

on the prevalence of the disease has focused predominately on meta- 

analysis due to the variety of this type of data and the complexity of 

calculations. ME/CFS is characterized by unexplained and persistent 

post-exertional fatigue that is not relieved by rest, is exacerbated by 

physical and mental exertion, and shows other core symptoms such as 

cognitive, immunometabolic, autonomic, and neuroendocrine dysfunc- 
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tion. 1 Published data indicates a prevalence of between 0.89 and 1.14% 

among the population of the United States. 2 Additional data includes an 

analysis of adolescents in the United Kingdom with an estimated preva- 

lence range of between 1.47% and 2.99%. 3 In contrast to these studies, 

recent research carried out in China estimates the prevalence among the 

Chinese population to be 12.54%. 4 The prevalence in Australia was es- 

timated at 0.79%. 5 ME/CFS is a major cause of disability, with many 

patients feeling unable to fulfil their family responsibilities and forced 

to limit their social activities. The condition significantly impacts their 

work (difficulty performing their job) and daily life (for example, climb- 

ing stairs, lifting or carrying groceries, moving a table, or pushing a 

vacuum cleaner). 6 Patients also have characteristic inflammatory and 

muscular symptoms, sleep disturbances, and altered cognitive function. 7 

Muscular symptoms include pain, generalized muscle weakness, post- 

exertional fatigue, and neurological (mental fatigue, impaired cogni- 

tion, psychomotor slowing, disturbed sleep, hypersensitivity to noise, 

light, and odours, headache, pain, paresthesia and severe dysautono- 

mia). 8 Neurocognitive symptoms have also been reported (slow reaction 

time, indicating the likelihood of an ADHD-like pattern of functioning). 9 

The most widely used international definition for ME/CFS is the 

Fukuda criteria, developed in 1994 by the Center for Disease Control 

and Prevention (CDC) in Atlanta, Georgia, USA 

10 . As some symptoms 

in the Fukuda criteria overlap with depression, it has been criticized 

for its lack of specificity. 11 In contrast, the Canadian Consensus Criteria 

distinguish patients with ME from those who are depressed, identifying 

patients who are more physically debilitated and have greater physi- 

cal and cognitive dysfunction. 12 These criteria were updated in 2011 to 

include post-exertional fatigue. 13 

Cardiopulmonary exercise testing (CPET) provides information that 

helps identify abnormal values in cardiac and/or ventilatory re- 

sponses that rule out ME/CFS, thus differentiating these patients from 

those likely to be affected by other etiologies causing exercise intoler- 

ance. We used a gas analyser to measure peak oxygen consumption (VO2 

peak) and anaerobic threshold oxygen consumption (VO2 VT1) during 

exercise. These measurements determine the degree of deterioration of 

the patient’s functional capacity (simultaneously the cardiovascular and 

ventilatory response to a known metabolic stress are examined) and 

early transition to anaerobic metabolism during exercise, respectively. 

Both can be measured during a single exercise test which provides infor- 

mation on the efficiency of the metabolism in response to physiological 

exercise, 14 with VO2 peak showing a strong predictive and prognostic 

value. Patients with chronic heart failure were evaluated with a single 

CPET using Weber and Janicki’s 15 established classification system. 

Attempts are still ongoing to identify a reliable, objective biomarker 

for the health status of ME/CFS patients. Currently, the most widely used 

technique to measure ME/CFS patient status is internationally validated 

self-administered questionnaires such as the SF-36 questionnaire. Sev- 

eral studies have attempted to identify patterns of association between 

these questionnaires and the pathophysiology of specific systems and 

links to contemporary multidisciplinary molecular pathology, including 

comparative MRI, 16 exploring symptom co-occurrence using network 

analysis, 17 and investigating the relationship between oxygen consump- 

tion and the physical subscale of the SF-36 questionnaire in retrospective 

studies. 18 Physicians currently base ME/CFS diagnosis and prognosis on 

exclusion and subjective clinical interpretation, and to date, a reliable, 

objective method using accessible inexpensive tests that can identify 

ME/CFS patients with worse prognosis due to the wide-ranging symp- 

toms accompanying the disease and subjective interpretation of results 

has not yet been found. Therefore, validating an objective biomarker 

such as oxygen consumption in CPET would be helpful as a primary 

outcome of trials developing new treatments and for a deeper under- 

standing of the evolution of the disease. 

This aim of this study was twofold: first, to prove that oxygen con- 

sumption is a potential biomarker of ME/CFS; and second, to develop a 

new machine learning-based method to identify patients diagnosed with 

ME/CFS and at high risk of physical impairment. Our proposed model 

predicts CPET scores from self-administered SF-36 questionnaires in the 

primary healthcare setting and assists in the early identification of pa- 

tients in need of referral to a dedicated hospital unit. 

Patients and Methods 

Study Population 

This study involved two clinical trials, both approved by the ethics 

committee of the Vall d’Hebron University Hospital, Barcelona, Spain: 

1) “Population-based Registry of Chronic Fatigue Syndrome Patients ”, 

approved 10/18/2006; and 2) “Study of exercise intolerance in adult pa- 

tients with chronic fatigue syndrome using a cardiopulmonary exercise 

stress test (CPET) ”, approved 09/22/2020. 

The 36-Item Short Form Health Survey 

This prospective cross-sectional study included 2,522 patients di- 

agnosed with ME/CFS from the Vall d’Hebron University Hospital 

(Barcelona, Spain), made up of 90.5% women (mean age 48.11 ± 10.31 

years) and 9.5% men (mean age 44.41 ± 11.35 years). Data from the 

Spanish version of the SF-36 questionnaire 19 between 2008 and 2022 

was obtained and recorded. Both the Spanish and English versions of 

the SF-36 can be found in Supplementary Material. 

The SF-36 questionnaire consisted of 36 questions requiring the pa- 

tient to choose one option. The options ranged from 1 to 6, as illus- 

trated in Table 1 . Eight subscales were defined and calculated based on 

the weighted sum of a small number of responses. The score for each 

question was coded so that higher scores reflected better health. 

Net rank equals the difference between the maximum and minimum the- 

oretical values. The minimum is equal to the number of questions formed by 

each subscale, as the minimum value of each question is always 1. 

The formula to calculate each subscale value: 

𝑆𝑢𝑏𝑠𝑐 𝑎𝑙𝑒 = ( 𝑅𝑒𝑎𝑙 𝑝𝑢𝑛𝑐 𝑡𝑢𝑎𝑡𝑖𝑜𝑛 − 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 ) 
𝑁𝑒𝑡 𝑟𝑎𝑛𝑘 

× 100 

If the minimum value of each question were zero, the procedure 

could be proposed as a weighted sum expressed as a percentage. This 

was essential point as it meant the matrices could be converted to a 

linear application. Refer to Supplementary Material for further details. 

Decoded SF-36 questionnaire 

The items and scales on the SF-36 are scored so that a higher score 

represents better health. For example, the function scales are scored so 

that a higher score indicates better function, and the pain scale is scored 

so that a high score suggests the patient is pain-free. After data entry, 

the items and scales were scored in three steps: 

1. Re-encode the 10 items listed in the SF-36 manual. 

2. Compute the scale score by summing the items in the same scale 

(raw scale score). 

3. Convert the raw scale scores to a 0-100 scale (converted scale 

scores). 

Modulus 

The 36 responses to the SF-36 questionnaire were analysed, with 

the eight subscales investigated separately. The 36 responses for each 

participant were collected in columns, and each row represented one 

participant’s anonymized data. In both cases, a 36-value vector (in the 

case of the 36-response matrix) or an 8-dimension vector (in the case 

of the subscales) was computed for each participant. For further details, 

see Supplementary Material. 
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Table 1 

Subscales calculation scheme. 

Subscale Number of questions Rank punctuations (min-max) Net rank 

Physic Function 10 10-30 20 

Physic Rol 4 4-8 4 

Body Pain 2 2-12 10 

General Health 5 5-25 20 

Vitality 4 4-24 20 

Social Function 2 2-10 8 

Emotional Rol 3 3-6 3 

Mental Health 5 5-30 25 

For each vector, the modulus was calculated as follows: 

modulu si =
√ 

Σ𝑑 
𝑗=1 𝑥

2 
𝑗 

𝑚𝑜𝑑𝑢𝑙𝑢𝑠𝑖 ∶ 𝑡ℎ𝑒 𝑖𝑡ℎ 𝑟𝑒𝑔𝑖𝑠𝑡𝑒𝑟. 

𝑑 ∶ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠. 36 𝑓𝑜𝑟 𝑜𝑢𝑟 𝑚𝑜𝑑𝑒𝑙. 

𝑥𝑗 ∶ 𝑡ℎ𝑒 𝑗𝑡ℎ 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑜𝑓 𝑣𝑒𝑐𝑡𝑜𝑟. 

Single CPET test dataset 

The “Study of exercise intolerance in adult patients with chronic 

fatigue syndrome using a cardiopulmonary exercise test (CPET) ” is a 

prospective, cross-sectional, enrolled cohort study initiated in 2020. De- 

tails of the study are set out below: 

• Objectives : To evaluate exercise intolerance in adult patients 

diagnosed with ME/CFS using CPET, taking into consideration 

cardiovascular, ventilatory, muscular, and metabolic variables 

to determine functional capacity and metabolic efficiency of 

exercise. 
• Inclusion criteria : Participants aged between 18 and 60 and 

diagnosed (in accordance with the Fukuda 10 and Carruthers 12 

criteria) with ME/CFS by the physician of the Central Sensitiza- 

tion Syndromes Unit, Vall d’Hebron Hospital, Barcelona. Partici- 

pants must have clinical manifestations of the symptomatic mus- 

cle group of exercise intolerance, be able to perform the exercise 

test, and agree to take part in the study by signing the informed 

consent form. 
• Exclusion criteria : Patients with contraindications for CPET 

or who do not provide informed consent to participate in the 

study. 

Two hundred and thirty-nine participants were enrolled and referred 

to the Cardiopulmonary Rehabilitation Exercise Laboratory to perform 

CPETs. The study included 85.7% women (mean age 50.15 ± 8.61 years) 

and 14.3% men (mean age 46.94 ± 9.82 years). Patients were advised to 

take their regular medication and to avoid strenuous exercise on the 

test day. They were also asked to fast for two hours before the test 

and to drink only water. The participants were connected to an elec- 

trocardiogram, a pulse oximeter, and a blood pressure cuff to contin- 

uously monitor their vital signs during all study phases. They under- 

went a symptom-limited maximal exercise test using an electronically 

braked bicycle ergometer (Ergoline GmbH ER 800 S, Bitz, Germany). 

Exhaled air was collected via a two-way breathing valve attached to a 

mask that covered the participant’s nose and mouth. Respiratory gasses 

breath-by-breath were analyzed using a Vyntus CPX gas analyzer (Er- 

goespirometer, Vyaire, Hoechberg, Germany) and SentrySuite 3.0 soft- 

ware. The spirometer was calibrated under ambient conditions before 

testing. Version V-781239 V 06.02 of the technical manual is available 

on the SentrySuite website. We used cardiopulmonary exercise testing 

based on work by Dr. Wasserman and colleagues at the University of 

California, Los Angeles. 20 

CPET Protocol Phases 

The CPET tests were performed in the Cardiopulmonary Rehabili- 

tation Exercise Laboratory under the supervision of a physician and a 

nurse and following the standardized protocols of the Central Sensiti- 

zation Syndromes Unit of the Vall d’Hebron Hospital, Barcelona. These 

tests were performed in a hospital setting at no additional cost to the 

patient. The tests involved the following 3 phases: 

Phase 1. Determine baseline cardiovascular and respiratory values as 

follows: 

• Simple spirometry: three consecutive manoeuvres were per- 

formed to obtain reproducible data. 
• Slow spirometry: one assessment was performed to determine 

maximum voluntary ventilation (MVV). 

Phase 2. Maximum incremental cycle ergometer test: starting with 

three minutes of rest, followed by two minutes of unloaded pedalling, 

then adding an incremental load at a rate of 10 W/min (Watts / min- 

utes) while maintaining a pedalling cadence of between 40-50 and 50-60 

W/min (depending on the training status and previous fatigue level of 

the participant) until exhaustion due to muscular fatigue and/or dysp- 

noea, or according to the operator’s medical criteria as electrocardio- 

graphic changes or symptoms contraindicating continuation of the test. 

Phase 3. Recovery. On cycling completion, recovery from exercise was 

monitored for 3 minutes and the reasons for stopping CPET recorded. 

Continuous electrocardiographic monitoring of heart rate (12-lead) and 

blood pressure was performed every 2 minutes throughout the test. A 

Borg test was performed at baseline and at maximal exercise. 

Maximal criteria test 

Gas exchange data were recorded during CPET and recovery phases. 

The criteria used to determine whether participants had reached maxi- 

mal physiological effort were as follows: plateau in oxygen consumption 

with increasing workload; modified rate of perceived exertion (RPE) > 

8 (scale of 0-10); respiratory exchange ratio (RER) > 1.1, reaching at 

least 85% of age-predicted maximal heart rate, or a peak blood lactate 

> 8 mmol. When two of the three criteria were met, it was considered 

that the patient had exerted maximal effort. 

The key measure sought in this study was the cardiorespiratory fit- 

ness of patients with ME/CFS, as determined by peak oxygen uptake 

(VO2 peak: measured during incremental exercise) and representing 

the maximum aerobic power during cumulative effort. The VO2 peak 

was measured in millilitres of oxygen per kilogram of body weight per 

minute (mL∗ Kg− 1 ∗ min− 1 ). This parameter is described as the maximum 

energy capacity achieved by aerobic metabolism per unit of time (aero- 

bic capacity) during an incremental CPET. Any pathophysiological sit- 

uation that impairs oxygen transport from the air to the mitochondria 

and its utilization during exercise will reduce the predicted values of 

peak oxygen uptake according to age and sex. 21 
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Figure 1. CONSORT diagram. 

Patient enrolment procedure 

This research presents data from two studies (see Figure 1 ): the first, 

“Population-based Registry of Chronic Fatigue Syndrome Patients ”, was 

approved 10/18/2006 and is used for automatic patient clusters using 

machine learning; the second, “Study of exercise intolerance in adult pa- 

tients with chronic fatigue syndrome using a cardiopulmonary exercise 

stress test (CPET) ”, was used as a validation set. 

The first study, “Population-based Registry of Chronic Fatigue Syn- 

drome Patients ” included SF-36 questionnaires collected from 2522 

patients recruited at the Chronic Fatigue Syndrome Unit of the Vall 

d’Hebron Hospital, Barcelona, between 2008 and 2022, with their in- 

formed consent to participate in research. From this initial group, only 

2347 of the questionnaires were valid. These 2347 questionnaire re- 

sponses were used to train the proposed machine learning model to 

identify two different ME/CFS clusters. 

The second study: “Study of exercise intolerance in adult patients 

with chronic fatigue syndrome using a cardiopulmonary exercise stress 

test (CPET) ” included 239 CPET tests collected between 2020 and 2022 

from ME/CFS patients referred to the Cardiopulmonary Rehabilitation 

Exercise Laboratory from the Central Sensitization Syndromes Unit of 

the Vall d’Hebron Hospital, Barcelona. The CPET results were collected 

according to Weber’s classification. From the 239 patients, 92 completed 

both studies (CPET and SF-36 questionnaire). A contingency table of the 

92 selected datasets was created and the previously trained clustering 

model applied, thus classifying each of the 92 patients as belonging to 

cluster 0 or cluster 1. Finally, as a validation step, the Chi-square test 

of independence was performed to determine whether there was a re- 

lationship between the two categorical variables (Weber’s classification 

and clusters). 

Statistical Analysis 

Contingency table difference analysis 

The creation of the contingency table is based on two categorical 

variables. The first variable is computed by the previously trained ma- 

chine learning model, which assigns a cluster value {0, 1} based on all 

the answers from each input SF-36 questionnaire. The second variable 

is denoted by a letter {A, B, C, D} contingent on the peak oxygen con- 

sumption measured in the CPET. 

• Mild to none (A) when Peak VO2 value is > 20 mL∗ Kg− 1 ∗ min− 1 

• Mild to moderate (B) when Peak VO2 value range is 16-20 

mL∗ Kg− 1 ∗ min− 1 

• Moderate to severe (C) when Peak VO2 value range 10-16 

mL∗ Kg− 1 ∗ min− 1 

• Severe (D) when Peak VO2 value is < 10 mL∗ Kg− 1 ∗ min− 1 

This is evaluated by groups {A, B, C, D} of patients who performed 

the exercise test, n = 239. The self-administered SF-36 questionnaire was 

1231 



M. Lacasa, P. Launois, F. Prados et al. Clinical Therapeutics 45 (2023) 1228–1235 

completed by 92 patients only. All the SF-36 responses from these 92 

patients were assigned to clusters {0, 1} in the model. These data were 

then used to create a contingency table for the 92 participants. In sum- 

mary, each participant is assigned to a cluster (0 or 1) and given a letter 

(corresponding to the peak oxygen consumption: A, B, C or D) that de- 

fines the two categorical variables in our analysis ( Figure 1 ). 

The Chi-square test of independence is a statistical hypothesis test 

used to determine whether two categorical or nominal variables are 

likely to be related and can be used when counting the values of two 

categorical variables. The parameters were analysed for a more in-depth 

evaluation of the results. The likelihood ratio chi-square tests provide a 

range of parameterizations that support accurate selections for various 

distributions and sample sizes. Pearson’s and Cressie-Read’s chi-squared 

tests often tend to select overly complex bivariate parameterizations (up 

to 4 options in Weber’s classification). This is because chi-squared statis- 

tics are overly inflated when models are fitted to sparse bivariate distri- 

butions and minor expected frequencies are used as divisors. 22 We de- 

cided to compare different strategies using different values of lambda. 

Python package Pingouin has used (version 0.5.2) to see if they dif- 

fered. 23 

Parameters analysed in the contingency table: 

• Lambda . A measure of association that reflects the proportional 

reduction in error when the values of the independent variable 

are used as predictors of the values of a dependent variable. A 

value equal to 1 indicates that the independent variable is a 

perfect predictor of the dependent variable. A value equal to 0 

indicates that the independent variable has no contribution to 

the prediction of the dependent variable: Pearson (lambda = 1), 

Cressie-Read (lambda = 0.67) and Log-likelihood (lambda = 0). 
• dof is the Chi-square’s degrees of freedom, and is calculated using 

the equation dof = ( r − 1) × ( c − 1), where r is the number of 

rows and c is the number of columns. 
• The p-value is the probability of obtaining a chi-square equal to 

or greater than that obtained in the current experiment in the 

current experiment, given that the null hypothesis is true. Gener- 

ally, a p-value of 0.05 or greater is considered critical. Anything 

less indicates significant variances, and the hypothesis must be 

rejected. 
• Cramer’s V is an effect size measurement for the Chi-square 

test of independence and measures how strongly two categorical 

fields are associated. The degree of freedom (dof) is 3. A value of 

between 0.06 and 0.17 is considered small-medium; up to 0.30, 

medium-large; and greater than 0.30, large. 28 Cramer’s V is based 

on Pearson’s Chi-squared statistic and was published by Harald 

Cramer. 29 

• The power of the goodness of fit ( 𝛿) or Chi-square indepen- 

dence test . High power means there is a low probability of con- 

cluding that no effect exists when there is one. Statistical power 

depends upon effect size and the sample size. 

𝛿 = 𝑑 ×
√
𝑛 

Where d is Cohen’s coefficient and n is the number of registers. 24 . 

Clustering analysis 

The clustering analysis was implemented in Python (version 3.7.14) 

using and comparing the decoded SF-36 answers and subscale matrices. 

The dimensions were 2347 × 36 and 2347 × 8, respectively. To select 

the optimal number of clusters, some models were fitted with values 

in the range. 2 , 6 for k (Birch and Spectral Clustering) using the elbow 

method. 25 and the Calinski and Harabasz metric (see Supplementary 

Materials for further details). Three validation metrics were proposed 

using the scikit-learn package (version 1.0.2) to evaluate the perfor- 

mance of each tested model when the true labels are unknown: 

• Silhouette Coefficient 
• Calinski–Harabasz Index 26 

• Davies–Bouldin Index 27 

Results 

Matrix Analysis 

The two databases for analysis were compared and contrasted to de- 

termine which provided the best information for classifying patients 

with ME/CFS; first, the 36 raw responses, followed by the eight sub- 

scales (for all results, see Supplementary Material). No correlation was 

found between the variables in the two matrices. However, when the 

modulus of each matrix was compared, this yielded different results, 

with the modulus of the raw responses showing a different health status 

to the modulus of the matrix of the subscales. This finding is to argue 

that using one matrix cannot be used as an equivalent to the other, as 

the model would give different results for each. A PCA analysis shows 

that in both matrices, emotional role (ER) and mental health (MH) are 

correlated and symmetric with those parts of the questionnaire deal- 

ing with physical function and vitality. Thus, the differences between 

the matrices were given by weighting the subscales, which significantly 

modified a single value of the SF-36 questionnaire. It shows that the 

subscales cannot be interpreted globally and must be analysed explic- 

itly. This study demonstrates that the matrix of the 36 raw responses 

used as training data improves the results of the unsupervised machine 

learning model. 

Cluster Analysis 

The best-performing model for clustering MS/CFS patients was the K- 

means model, with the optimal number of clusters being two. The model 

was trained using the 36 raw answers of the 2,347 validated question- 

naires to classify each subject into one of the two labelled groups with 

values {0, 1}. See Supplementary Material for further details. 

Validation group Analysis 

A total of 239 validated records were included. The Weber Classifi- 

cation results of the study population that completed the CPET are pre- 

sented below. Participants’ physical data is shown, and the peak oxygen 

consumed during the test is analysed and labelled as stated above: 

• Mild to none (A) when Peak VO2 value is > 20 mL∗ Kg− 1 ∗ min− 1 

• Mild to moderate (B) when Peak VO2 value range is 16-20 

mL∗ Kg− 1 ∗ min− 1 

• Moderate to severe (C) when Peak VO2 value range is 10-16 

mL∗ Kg− 1 ∗ min− 1 

• Severe (D) when Peak VO2 value is < 10 mL∗ Kg− 1 ∗ min− 1 

A total of 239 records were collected and validated. The results are 

shown in Table 2 . 

Contingency table for single CPET: Weber’s classification and clustering 

analysis 

Only 92 records were selected. These corresponded to patients with 

validated SF-36 questionnaire responses and CPET. A similar analysis to 

the previous group analysis was performed on each of the 92 patients 

individually. Table 3 shows the records grouped according to Weber’s 

classification. Note that there are no class D records for the male group 

as all collected values for the VO2 Peak variable are greater than 10. 

Following this, the 92 selected patients were classified into two clus- 

ters using the previously trained machine learning model. Table 4 shows 

the results of the data analysed according to the cluster assigned by the 

machine-learning-based model. 
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Table 2 

Weber Classification Results (n = 239). Following Weber’s classification, class was defined according to the VO2 value of a single CPET. Weber’s classification stratifies 

patients based on peak VO2 and anaerobic threshold to define functional exercise capacity 15 : Mild to none (A) when Peak VO2 value is > 20; Mild to moderate (B) 

when Peak VO2 value range is 16-20; Moderate to severe (C) when Peak VO2 value range is 10-16; and Severe (D) when Peak VO2 value is < 10. n : Number of 

participants in each subgroup. Arithmetic means and standard deviation (in brackets) are shown for other parameters. Age in years, weigh in kg, height in cm and 

VO2 peak in mL∗ Kg− 1 ∗ min− 1 . 

Gender Class n Age Weight Height VO2 peak 

Female A 35 47.37 (10.07) 56.85 (8.46) 160.48 (6.80) 24.56 (3.89) 

B 50 49.48 (9.23) 65.36 (13.92) 161.01 (6.02) 17.32 (1.01) 

C 95 51.47 (7.78) 73.05 (14.39) 160.75 (6.26) 13.13 (1.60) 

D 25 50.40 (7.51) 74.68 (17.06) 163.24 (5.26) 8.54 (1.09) 

Male A 15 47.0 (12.10) 78.02 (11.30) 174.26 (8.38) 25.19 (3.65) 

B 8 42.75 (9.13) 82.25 (11.75) 174.50 (13.58) 17.58 (1.29) 

C 9 50.22 (6.18) 88.88 (17.60) 177.11 (6.62) 12.76 (1.78) 

D 2 48.50 (2.12) 77.45 (16.19) 177.5 (0.70) 8.80 (0.84) 

Table 3 

Weber Classification Contingency Table Analysis (n = 92). Weber’s classification defined the class according to the VO2 value of a single CPET. Weber’s Classification 

stratifies patients based on peak VO2 and anaerobic threshold to define functional exercise capacity 15 : Mild to none (A) when Peak VO2 value is > 20; Mild to 

moderate (B) if Peak VO2 value range is 16-20; Moderate to severe (C) when Peak VO2 value range is 10-16; and Severe (D) when Peak VO2 value is < 10. n : 

Number of participants in each subgroup. Arithmetic means and standard deviation (in brackets) are shown for other parameters. Age in years, weigh in kg, height 

in cm and VO2 peak in mL∗ Kg− 1 ∗ min− 1 . Modulus : subgroup means modulus value. 

Gender Class n Age Weight Height VO2 peak Modulus 

Female A 7 46.85 (10.25) 60.31 (11.15) 159.85 (9.92) 23.15 (0.8) 12.61 (1.89) 

B 22 51.54 (9.59) 61.85 (12.35) 161.18 (4.44) 17.51 (0.8) 13.98 (2.35) 

C 44 51.59 (7.15) 72.79 (14.92) 160.87 (5.88) 12.87 (1.54) 12.20 (2.46) 

D 8 51.87 (8.44) 75.0 (22.4) 160.87 (4.64) 8.12 (1.44) 11.73 (1.99) 

Male A 2 51.0 (7.07) 85.0 (14.12) 169.0 (12.73) 24.45 (2.19) 17.17 (1.61) 

B 5 44.6 (5.31) 86.24 (13.51) 177.60 (12.76) 17.18 (1.07) 13.65 (2.3) 

C 2 47.0 (7.07) 71.5 (12.02) 181.0 (1.41) 14.1 (0.84) 13.47 (1.23) 

Table 4 

Clustering Classification Contingency Table Analysis (n = 92). Cluster: number defined by the Euclidean K-means result with matrix A. Cluster 0 corresponds to better 

health status because of the higher modulus. Similarly, group one corresponds to patients with worse health status. n: Number of participants in each subgroup. 

Arithmetic means and standard deviation (in brackets) are shown for other parameters. Age in years, weight in kg, height in cm and VO2 peak in mL∗ Kg− 1 ∗ min− 1 . 

Modulus : mean of modulus value of the subgroup. 

Gender Cluster n Age Weight Height VO2 peak Modulus 

Female 0 32 53.12 (7.87) 64.96 (16.63) 159.75 (6.45) 16.50 (3.52) 15.06 (1.38) 

1 49 49.94 (8.28) 71.57 (14.57) 161.77 (5.17) 13.28 (3.94) 11.12 (1.59) 

Male 0 8 47.50 (5.45) 83.37 (13.97) 178.00 (5.17) 18.56 (4.63) 14.79 (2.23) 

1 1 39.00 (-) 77.20 (-) 164.00 (-) 16.50 (-) 11.26 (-) 

Table 5 

Chi-square test results. All parameters defined in the method section. 

Test Lambda Chi2 dof p -value Cramer Power 

Pearson 1.00 19.06 3 0.000266 0.46 0.96 

Cressie-read 0.67 19.57 3 0.000208 0.46 0.97 

Log-likelihood 0.00 22.29 3 0.000005 0.49 0.98 

Finally, Chi-square tests were used to determine whether there is a 

statistically significant difference between the observed and expected 

values. Three tests were performed to analyse the independence of the 

variables, as shown in Table 5 . It should be emphasised that the three 

tests (Pearson, Cressie-read and Log-likelihood) are positively corre- 

lated, as a p -value < 0.01 indicates a clear relationship between the cat- 

egories analysed (clusters and Weber’s Classification). This implies that 

the model correctly predicts the CPET scores with a precision equal to 

or higher than 99%. As a general guideline for consistency, the observed 

and expected contingency tables should not have cells with frequencies 

less than 5. 

Discussion 

The purpose of this study was to determine whether there is a rela- 

tionship between the results of self-administered SF-36 questionnaires 

and CPET oxygen consumption values. CPET results were analysed, fo- 

cusing on peak VO2 as a determinant of functional capacity and strat- 

ified according to Weber’s classification. 15 The one-day test has been 

examined in other pathologies such as cardiac and pulmonary, 30 and 

more recently in long COVID-19 syndrome. 31 Previous studies have 

observed decreased cardiovascular response and increased global and 

maximal heart rate in ME/CFS patients using the one-day exercise test, 

which may be pathology-specific, resulting in early-onset fatigue, dys- 

functional exercise capacity, inconsistent response, or lack of motiva- 

tion. 32 In contrast, other studies 33 suggest that reduced exercise capac- 

ity may be related to autonomic dysfunction, as ME/CFS patients have 

difficulty reaching their age-predicted maximal heart rates. This may 

be one of the reasons why their physical performance is impaired. 33 

Data analysis shows that ME/CFS patients have lower cardiorespiratory 

fitness levels than healthy control subjects, 34 and another recent study 

revealed that results from an analysis of various factors obtained after a 

single CPET could be used as biomarkers for diagnosing ME/CFS. 35 Al- 

though the exact mechanisms associated with low exercise capacity in 

patients with ME/CFS have not been determined, a single CPET can be 

a reliable and accessible test for patients that provides objective physi- 

ological data on their response to exercise. 

It has been suggested that ME/CFS could have an autoimmune etiol- 

ogy, as antibodies against beta2-adrenergic receptors ( 𝛽2AdR) and mus- 

carinic acetylcholine receptors (M3 AChR and M4 AChR) have been 
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identified in symptoms such as cognitive deficits, autonomic dysregu- 

lation, and immune activation. 36 To assess this, patients must undergo 

laboratory testing, which is considerably more costly to the healthcare 

system than filling in a SF-36 questionnaire. Furthermore, laboratory 

testing is not considered an optimal method for diagnosing a cognitive 

or physical impairment. The procedure that we propose, however, is 

based on analysing answers to a SF-36 questionnaire, which is easily ac- 

cessible in primary care and has the advantage that only those patients 

with specific results (classified as cluster 1 in the proposed model) would 

be evaluated for referral to a dedicated unit. 

An earlier study demonstrated that low VO2 max values are directly 

correlated with a subscale of the SF-36 questionnaire. 18 The differences 

in peak VO2 values between the male and female populations observed 

in our study are in line with those found in previous studies, 37 , 38 in that 

women presented lower peak VO2 values than men on the first CPET 

and a worse classification on the Weber scale. This is confirmed in the 

clustering analysis shown in Table 4 . 

Results of the study were based on a chi-square test of independence 

(see Table 5 ) using three tests with different lambda values and indi- 

cate clearly that worse physical condition on exertion corresponds to 

a worse response to the SF-36 questionnaire (p-value < 0.001, for the 

three tests). These results suggest that a CPET can be used as a biomarker 

to measure oxygen consumption and objectively assess the health sta- 

tus of patients diagnosed with ME/CFS. The relationship between the 

SF-36 and CPET results of this study may have important implications 

for clinical practice. The SF-36 questionnaire is readily available for all 

ME/CFS patient assessment services (both primary care and dedicated 

units). Using the questionnaire would help predict oxygen consumption 

and could initiate a referral from primary care to a dedicated unit to be- 

gin early multidisciplinary evaluation and measure patient progress af- 

ter treatments. These results are consistent with other studies discussed 

in this paper and highlight the relationship between responses to qual- 

ity of life questions the SF-36 questionnaire and CPET results from a 

machine learning perspective. 

Limitations 

The main limitation of our study is that it is performed in only one 

hospital centre with an unbalanced gender population. It would be ap- 

propriate to contrast our results with a larger number of participants 

from multiple centres. 

Conclusions 

Low oxygen consumption on a CPET could be considered a diagnos- 

tic biomarker in patients with ME/CFS. Findings of our study reveal a 

relationship between the SF-36 questionnaire and Weber’s classification. 

Clustering datasets from health questionnaires such as the SF-36 should 

be performed on raw response data, which preserves the original infor- 

mation and improves the quality of the model. Adopting this procedure 

in primary care by analysing responses to a SF-36 questionnaire may 

help early referral of potential patients with ME/CFS to a dedicated unit 

(accredited by the Department of Health of the Generalitat de Catalunya 

requires a group of professionals, internists, nurses, physiatrists, psy- 

chologists and physiotherapists, who carry out multidisciplinary work, 

with the application of pharmacological and non-pharmacological treat- 

ments, such as programmed physical exercise and cognitive-behavioral 

therapy). Further research could focus on confirming the results pre- 

sented in a multi-centre scenario. 
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Methods 

Linear application of ordered sets 

Responses on the SF-36 range from 1 to 6, as shown in Table 1, with higher scores corresponding 

to better health. A subscale is a set of questions related to a specific condition. Therefore, we can 

define a set of ordered responses for each individual as an ordered 36-dimensional vector. 

Similarly, subscales define an ordered 8-dimensional vector for each individual. Figure S1 details 

the process of computing the set of 8-dimensional vectors of the subscales (matrix B) from the 

set of 36-dimensional vectors of the responses of SF-36 questionnaires (matrix A) through a linear 

application. Note that matrix A is rescaled to be in the range between 0 and 5, i.e., the minimum 

value is 0 instead of 1.  

 

Figure S1.-  Diagram of the transition from matrix A to B through a linear application.  

 

 

While maintaining its properties, this linear application does not guarantee bijectivity since two 

different 36-dimensional vectors of matrix A could generate the same 8-dimensional vector in 

matrix B. However, it is relevant to underline that this transformation maintains the properties of 

the linear application. 
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The clustering analysis 

 

The clustering analysis was implemented in Python (version 3.7.14). The decoded SF-36 answers 

and subscale matrices were used and compared. The dimensions were 2347x36 and 2347x8, 

respectively. To select the optimal number of clusters, some models were fitted with values in 

the range [2,6] for k (Birch and spectral clustering) by the elbow method. (Bengfort et al. 2022) 

and the Calinski and Harabasz metric (see Stable 1). Three validation metrics are proposed using 

the scikit-learn package (version 1.0.2) to evaluate the performance of each tested model when 

the truth labels are unknown: 

● Silhouette Coefficient 

● Calinski–Harabasz Index (Kozak 2012) 

● Davies–Bouldin Index (Halkidi, Batistakis, and Vazirgiannis 2001) 

 

STable 1.- Clustering Algorithms tested 

Algorithm Parameters optimized Package used 

K-means  ● Initializer: K-Means++. This method was used to 

find out optimal initial centers.  

● Metric distance: Euclidean and Manhattan have been 

compared. 

● Optimized using Silhouette score (Rousseeuw 1987) 

by 200 runs. 

Pyclustering  

(v 0.10.1.2) 

(Novikov 

2019) 

Agglomerative ● Links: Centroid, single, complete, and average links 
were tested, and the maximum silhouette score was 
chosen 

pyclustering 

Birch ● Branching_factor and threshold.  

● Optimized by grid-search using maximum silhouette 

score. 

scikit-learn 

DBSCAN ● Eps (The maximum distance between two samples, 

for one to be considered as in the neighborhood of 

the other). 

scikit-learn 
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STable 1.- Clustering Algorithms tested 

Algorithm Parameters optimized Package used 

● Minimum samples. 

● Left size (this can affect the speed of the 

construction and query and the memory required to 

store the tree) using maximum silhouette score. 

K-MEDOIDS ● Initializer: k-medoids++.  

● Optimized using Silhouette score by 200 runs. 

scikit-learn 

Fuzzy-C ● Initializer: K Means++. Farthest Centre Candidate 

option.  

pyclustering 

 

 

Principal Components Analysis 

As mentioned before, the set of SF-36 questionnaires consists of 2,347 records or individuals. For 

each question, we examine the normality and correlation between all pairs of variables. In 

addition, we use Principal Component Analysis (PCA) to summarize and visualize the interaction 

between the characteristics. Once the standardization is complete, the analysis is complete and 

is illustrated by the factor map in Figure S7: 

- Eigenvalues and variances for each feature. 

- Plot analysis, where positively correlated vectors are grouped in the same quadrant, and 

negatively correlated vectors are positioned on opposite quadrants. 

- Vectors far from the origin (i.e., the center of the coordinate system) are well represented 

on the factor map. 

The cosine square (𝑐𝑜𝑠2) method is computed to measure the quality of each feature, where a 

high value indicates a good representation of the variable on the principal component and is close 

to the circumference of the correlation circle (radius equal to 1). This analysis is performed using  

R (v 4.2.1)  with packages factoextra (v 1.0.7) and factominer (v 2.6) (Kassambara 2017). 
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Contingency table difference analysis 

A contingency table was created for patients who completed the single CPET test and the SF-36 

questionnaire. We selected 92 patients who met the criteria (Figure S2) from 239 single CPET 

registries. The contingency table is constructed using the clustering labels and Weber's 

classification based on VO2 levels. 

 

Figure S2.- Steps for the contingency table.  

 

 

Results 

Matrix Analysis 

The d'Agostino and Pearson tests are used to analyze the normality of each SF-36 question 

response and its aggregated subscales  (D’agostino & Pearson, 1973). Pearson's linear correlation 

is calculated between all pairs of variables, and the histogram of the results is shown in Figure 

S3, where the maximum value is 0.8 in the RE1-RE2 pair corresponding to the emotional role. 

None of the distributions fits a normal distribution. 
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Figure S3.- Histograms of the series of pairs of linear correlations of variables by 

matrix. The number of correlations is x/2 (x-1), being x the number of features of each matrix. 

The red dotted line represents the mean value.  

 

 

Each data set can be interpreted as a vector, and as mentioned above, it is an ordered set of 

vectors that represent the state of health of the patient. The modulus of each vector is calculated 

to create a new ordered set of values. The histograms of these ordered sets are shown below in 

Figure S4. 

 

Figure S4.- Histograms of vector’s modulus by matrix.  

 

 

The modulus histograms are not equivalent to matrix A and matrix B. The order of each register 

was analyzed by percentile performance. If the order is similar, the percentiles would be similar 

as well. We analyzed the difference in the percentiles of each record in the two matrices, giving 

an error margin of ±0.1. We noted that the records with the higher margin of error, 40.14% of 

the records, indicate a change in the percentile < 0.1 in both matrices, which concludes that the 

order changes in both matrices. Furthermore, a very differentiated histogram structure is 

observed, showing a distribution compatible with normality in matrix A and a significant 
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concentration in lower values (patients with worse health status) between values of 30-70 and 

less when the modulus value is more significant than 100 in matrix B.  

 

PCA analysis 

The eigenvalues measure the amount of variation retained by each principal component. The 

variance contributed by each dimension is calculated with a PCA of 8 components for matrix A 

and five components for matrix B, as shown in Figure S5. 

 

Figure S5.- Percentage of explained variances by matrix. 

 

 

Matrix A needs eight dimensions or components (reduced from 36) to explain 60.4% of the 

variance, and matrix B needs five dimensions (reduced from 8) to explain 81.6%. The 

contributions of these variables for the variability in a given principal component are expressed 

in percentages. Variables that are correlated with any dimension are the most important in 

explaining the variability in the dataset. The contribution of variables is shown in Figure S6.  

 

Figure S6.- Contribution of variables by Matrix. The contribution is calculated for an 8-

dimensional PCA in matrix A and a 5-dimensional PCA in matrix B. The red dashed line on the 

graph above indicates the expected average contribution. In matrix A, each column represents 

the name of each response. In matrix B, each column represents the name of each subscale. 
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Critical variables have larger contributions. Significant differences are observed between the 

matrices in the representativeness of the variance of the dimensions. In Matrix A, the variables 

related to the emotional role (ER) have the most significant influence. On the other hand, in 

matrix B, somatic pain (BP) contributes the most, with two variables (bp1, bp2) among those that 

contribute the most in matrix A. The physical part significantly influences Matrix B, with the scales 

of Body Pain (BP) and Physical Role (PR). 

 

The correlation plot of variables shows the relationship between all pairs of variables, with 

positively correlated variables grouped in the same quadrant and negatively correlated variables 

in opposite quadrants. The distance between the variables and the origin measures the quality of 

the variables, where a greater distance from the origin of the coordinates implies better quality. 

The 𝑐𝑜𝑠2 value indicates the goodness of the variable's representativeness. In Figure S7, we 

depict the most relevant vectors, i.e., the vectors with 𝑐𝑜𝑠2 > 0.45. 

 

Figure S7.- Correlation plot of variables. Note that the display takes the two main 

dimensions of each matrix, which contribute 33.3% of the variance in the case of matrices A and 

39.8% in the case of matrices B. The color indicates the contribution to the variance. The color 

indicates the contribution to the variance. The redder the color, the more significant the variance 

contributed. Each column represents the name of each response in Matrix A. Each column 

represents a subscale name in Matrix B. 
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Introduction: The main objective is to delimit the cognitive dysfunction 
associated with Myalgic Encephalomyelitis/Chronic Fatigue Syndrome (ME/
CFS) in adult patients by applying the Continuous Performance Test (CPT3™). 
Additionally, provide empirical evidence on the usefulness of this computerized 
neuropsychological test to assess ME/CFS.

Method: The final sample (n  = 225; 158 Patients/67 Healthy controls) were 
recruited in a Central Sensitization Syndromes (CSS) specialized unit in a tertiary 
hospital. All participants were administered this neuropsychological test.

Results: There were significant differences between ME/CFS and healthy controls 
in all the main measures of CPT3™. Mainly, patients had a worse indicator of 
inattentiveness, sustained attention, vigilance, impulsivity, slow reaction time, and 
more atypical T-scores, which is associated with a likelihood of having a disorder 
characterized by attention deficits, such as Attention Deficit Hyperactivity 
Disorder (ADHD). In addition, relevant correlations were obtained between the 
CPT3™ variables in the patient’s group. The most discriminative indicators of ME/
CFS patients were Variability and Hit Reaction Time, both measures of response 
speed.

Conclusion: The CPT3™ is a helpful tool to discriminate neurocognitive 
impairments from attention and response speed in ME/CFS patients, and it could 
be used as a marker of ME/CFS severity for diagnosing or monitoring this disease.

KEYWORDS

neuropsychological test, cognitive impairments, continuous performance test, CPT3™, 
neurocognitive dysfunction, Central Sensitization Syndromes, chronic fatigue syndrome
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Introduction

Myalgic Encephalomyelitis/Chronic Fatigue Syndrome (ME/CFS) 
is a complex multisystem disease that presents a chronic course with 
periods of symptomatic exacerbation frequently related to acute stress. 
This condition predominantly affects women and is a severe functional 
disorder (Afari and Buchwald, 2003; Prins et al., 2006). The prevalence 
is estimated to be between 0.2 and 2.6% of the general population 
(Reyes et al., 2003; Nacul et al., 2011). The nuclear symptoms are 
chronic central fatigue (>6 months) and post-exertional malaise with 
a recovery time longer than 24 h of idiopathic origin. The international 
diagnostic criteria were established by the Centres for Disease Control 
(CDC) in Atlanta (Georgia) in 1994 (Fukuda et  al., 1994). 
Furthermore, the heterogeneity of symptoms inME/CFS is studied in 
clusters from 2003 as a complement to the CDC’s criteria 
(neurological, muscle, cognitive, neurovegetative, and immunological; 
Fukuda et al., 1994; Carruthers et al., 2003). In 2011, these criteria 
were updated, and post-exertional exhaustion was proposed as a 
disease hallmark (Carruthers et al., 2011). ME/CFS is associated with 
different comorbid phenomena (anxiety-depressive disorders, 
fibromyalgia (FM), sicca syndrome, regional myofascial pain 
syndrome, plantar fasciitis, degenerative or mechanical disk disease, 
and tendinopathy of the shoulder; Ruiz et al., 2011 Castro-Marrero 
et  al., 2016) that are more prevalent in ME/CFS patients than in 
non-CFS individuals (Rivera et al., 2006). At present, the most widely 
accepted hypothesis for the pathogenesis of ME/CFS characterizes it 
as a genetic-based process with different triggering factors and 
subsequent neuroimmunology and immunoinflammatory 
dysfunction (Bassi et al., 2008).

Fatigue is the most common symptom associated with chronic 
diseases and is experienced as really distressing. Nature fatigue is a 
subjective state with both physical and psychological elements, and 
there is a lack of effective treatments for it. New methods are being 
developed to quantify fatigue and are increasing in clinical settings 
(Swain, 2000). Fatigue may occur due to a physical or psychological 
event, or fatigue may cause a physical event. The concept of fatigue 
appears to be defined by overlapping terms of cognitive or mental 
fatigue; however, the description for each slightly varies. For example, 
cognitive fatigue is said to occur when cognitive performance 
decreases by engaging in tasks requiring sustained activity (Morrow 
et al., 2015). Mental fatigue has been defined as a subjective feeling of 
tiredness and inertia that occurs during extended periods of 
demanding cognitive activity (Badin et al., 2016). Fatigue has also 
been defined as physiological fatigue, which is described as muscle 
weakness that may occur due to exercise (Prinsen et al., 2015). There 
is insufficient evidence examining the relationship between fatigue 
and cognitive impairments in patients with chronic illnesses. More 
studies are needed to examine the potential relationships between 
these two symptoms to develop effective treatments for individuals 
living with NCDs (Chronic Non-Communicable Diseases; Menzies 
et al., 2021).

Cognitive deficits are common in ME/CFS patients and limit their 
quality of life and psychological well-being. The discrepancy between 
self-reported common cognitive deficits and results obtained by 
objective neuropsychological tests has been reported (Rasouli et al., 
2019). This disparity could be explained by several reasons, mainly 
methodological (Cockshell and Mathias, 2010), suggesting 
establishing an appropriate method to avoid it. Patients with higher 
levels of fatigue, pain, and depression reported greater subjective 

cognitive difficulties, and those with greater pain were associated with 
lower objective working memory function. ME/CFS patients primarily 
had psychomotor speed and attention problems, measured by 
objective neuropsychological tests (Rasouli et al., 2019). Other studies 
confirm that cognitive deficits in ME/CFS depend mainly on 
compromised attention, memory, and reaction time, but motor 
functioning, vocabulary, reasoning, and global deficits are absent 
(Cockshell and Mathias, 2010).

Cognitive dysfunction has been described in patients with 
depression and anxiety, and it is difficult to determine whether this is 
due to psychopathological comorbidity or fatigue. Slowing 
information processing speed occurs, especially in complex tasks 
requiring sustained attention. However, the underlying mechanisms 
of the manifested cognitive dysfunction remain unclear (Cvejic et al., 
2016), advising a need for appropriate neuropsychological assessment 
tools in this complex disease capable of overcoming such limitations. 
One study showed that the dysfunction of information processing 
speed is independent of depressive symptoms in ME/CFS, suggesting 
that attentional deficits may be primary to memory problems, which 
could show an underlying neurological basis for the attentional 
dysfunction in these patients (Santamarina-Perez et  al., 2014). 
Unfortunately, there are currently no commercially available 
diagnostic tests, specific lab biomarkers, or targeted FDA-approved 
ME/CFS drugs (Castro-Marrero et al., 2017). For all these arguments, 
and given the disparity of the published studies, there is no consensus 
on the results regarding cognitive dysfunction in ME/CFS and its 
repercussions. Therefore, more research is needed on this symptom in 
ME/CFS and the detection of the underlying mechanisms. The 
limitations found in previous studies on this topic must be considered 
to improve their research and obtain more specific neuropsychological 
assessment tools to evaluate it (Beaumont et  al., 2012). General 
dysfunction in attention and information processing speed have been 
suggested as reasons for ME/CFS memory complaints (Deluca et al., 
2004; Dickson et al., 2009).

Considering the evidence of neuropsychological dysfunction in 
ME/CFS patients, this work is carried out using a computerized test 
that allows comprehensive measurement of different cognitive 
domains of interest in this disease. Therefore, this is the first study in 
ME/CFS patients using the CPT3™. This neuropsychological test has 
been widely used to objectively and comprehensively assess cognitive 
functioning in patients diagnosed with Attention-Deficit Hyperactivity 
Disorder (ADHD; Fasmer et al., 2016; Berger et al., 2017).

CPT3™ allows evaluating the participant’s performance in just 
14 min, contemplating the “fatigue” variable (the core symptom of this 
disease) and other multiple cognitive measures. It is not only 
interesting because of the novelty of introducing this software tool in 
patients with ME/CFS, but also because it allows the evaluation of 
multiple indicators of cognitive functioning such as attentional 
capacity and some executive functions (inhibition and information 
processing speed) trying to find a differential clinical profile between 
patients and healthy controls (Kao and Thomas, 2010).

Method

Sample

The study subjects were composed of two groups, healthy controls 
and patients diagnosed with ME/CFS. Patients with a diagnosis of 
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ME/CFS have been recruited consecutively from the Central 
Sensitization Syndromes (SCC) specialized unit at the Vall d’Hebron 
University Hospital in Barcelona from July 2021 to March 2022. 
Inclusion criteria were fulfilled the Fukuda et al. (1994) and Carruthers 
criteria for ME/CFS(2), age between 18 and 65 years, the subjective 
clinical manifestation of cognitive impairment according to 
Carruthers et  al. (2003, 2011), understanding and acceptance of 
participation in the study and signed written informed consent. The 
research protocol was approved by the ethics committee with this 
registration code(PR(AG)257/2021). The patients underwent an 
extensive medical examination by specialist physicians belonging to 
the Central Sensitization Syndromes (CSS) experienced Unit of the 
Rheumatologist Department at this hospital. The exclusion criteria 
were difficulty in understanding and/or completing the self-reported 
questionnaires, the presence of severe unstable psychiatric disorders 
(such as psychotic episodes, major depressive episodes, manic 
episodes, and anorexia nervosa), history of neurological disorders 
with cognitive impairment (such as severe head-brain trauma), 
presence of another systemic disease with cognitive alterations and 
presence of the disease entity Mild Cognitive Impairment (MCI). All 
patients diagnosed with ME/CFS included in the study were recorded 
on a data collection sheet in encrypted form and subsequently 
included in a database. The results obtained from the sample through 
the CPT3™ software were recorded in an excel table. The minimum 
sample calculation to demonstrate a statistically significant difference 
between the mean of the measurements of the cognitive domain 
variable, information processing speed (HRT), according to Student’s 
t-test, is 92 patients with a confidence level equal to 0.95. Pearson’s 
coefficient, which measures the variance to the mean, is 20%.

Of the total initial sample, four patients were excluded because of 
an associated severe psychiatric or neurological comorbidity at that 
precise moment that could account for some of the ME/CFS 
symptoms (three had a major depressive episode, and one patient with 
severe head-brain trauma). In addition, six patients were also excluded 
because they withdrew on their own initiative, indicating fear of 
fatigue from the mental overexertion of the test.

Neuropsychological evaluation

In the first session, the participants were individually examined 
by the ME/CFS specialist physician and were given questionnaires to 
fill in. The perception of disabling fatigue, sleep problems, and health-
related quality of life using self-administered questionnaires: the 
fatigue impact scale FIS40 (Fisk et al., 1994), FIS8 (Fisk and Doble, 
2002), PSQI (Verster et  al., 2008), the Short Form Health Survey 
(SF-36; Alonso et al., 1995), the Symptom Checklist-90-revised (SCL 
90 R) psychological inventory (McGregor et al., 1997) and hospital 
anxiety and depression scale (HAD; Castresana et  al., 1995). The 
interviews were conducted by two internists and one rheumatologist 
physician skilled in diagnosing and treating this syndrome.

The neuropsychological evaluation was performed in a second 
appointment. It consisted of a single standardized individualized 
examination in which cognitive functioning was assessed using the 
latest version of the 3rd Conners Continuous Performance Test 
CPT3™ (Kao and Thomas, 2010). The participants had never been 
administered the CPT3™ to avoid familiarity. They were required to 
respond when any letter except “X” appeared on the monitor. CPT3™ 

was performed from 9:00 am to 2:00 pm, always in the same medical 
office under standard temperature, noise, and lighting conditions, and 
with mobile turned off to avoid interference. It was decided to establish 
this time slot for the evaluation due to several reasons (for example, 
attentional, and cognitive performance is not as optimal at certain 
times of the day, and fatigue accumulates as the day progresses both 
in the clinical population and in healthy controls as a general rule). 
The evaluation protocol was not modified for any patient.

CPT3™ is a computerized task of continuous execution based on 
performance to assess primarily attention-related impairments in 
individuals aged 8 years and older. The administration time is 14 min, 
during which the subject must maintain attention to perform this task. 
There are six blocks of trials, with three sub-blocks, each consisting of 
20 trials. Each stimulus appears on the screen with varying time 
frequencies (inter-stimulus intervals from 1, 2, and 4 s), which allows 
for comparison of the subject’s attention and response speed according 
to the time intervals. This software makes it possible to compare the 
changes in performance that may be experienced in separate segments 
(block measurement), thus checking whether the level of vigilance 
fluctuates during this simple task. Its duration allows for controlling 
the “fatigue effect” on cognitive performance, a key aspect to consider 
in patients diagnosed with CFS. Before starting, some instructions 
must be given. Individuals are seated in front of a computer. Each 
participant is required to respond (pressing the space bar on the 
keyboard) when any letter (target stimuli), except the letter “X” 
(non-target stimuli), appears on the screen. It is essential to warn them 
that they must keep responding until the end of the test to obtain the 
computer-generated reports describing the respondent’s performance 
in detail. Once the subjects have understood the instructions, they 
perform the test. Each participant’s final report was recorded in an 
Excel spreadsheet. Subsequently, the neurocognitive profile of the 
whole sample was studied by analyzing all the results obtained (Kao 
and Thomas, 2010).

Main features of the CPT3™

The CPT3™ test offers already standardized and raw scores to 
determine not only the overall performance of the evaluation but also 
specify different types of attention deficits (e.g., inattentiveness, 
impulsivity, sustained attention, vigilance) and response speed, 
allowing a comprehensive assessment. So, multiple features are 
measured in The CPT3™.

A brief description of the main measures used in this study is 
exposed below:

	•	 Response speed: to obtain information performance about motor 
reaction time and information processing speed measured by the 
software (HRT, HRTSD, HRT block change, …).

	•	 Impulsivity: is an indicator of the response inhibition capacity of 
the evaluated and includes a faster than normal HRT and a 
higher than average rate of commissions and/or perseverations.

	•	 Inattentiveness: scores about focused attention. This indicator 
relates to poor detectability, a high percentage of omissions and 
commissions, a slow HRT, and high levels of inconsistency in 
response speed.

	•	 Sustained attention: is defined as the respondent ability to 
maintain attention as the administration progresses. A decrease 
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in sustained attention across time is captured by atypical slowing 
in the respondent’s HRT and by increases in omissions and 
commissions in later blocks of the administration.

	•	 Vigilance: relates to the respondent’s performance at varying 
levels of stimulus frequency and is defined by the respondent’s 
ability to maintain a performance level even when the task rate is 
slow. It is captured by changes in the respondent’s HRT, as 
indicated by the variables HRT ISI.

	•	 Detectability: discrimination between non-targets and targets.
	•	 Omissions: are missed targets and are generally an indicator 

of inattentiveness.
	•	 Commissions: are incorrect responses to non-targets. High 

commission error rates may indicate either inattentiveness or 
impulsivity, depending on the respondent’s HRT.

	•	 Perseverations are responses made in less than 100 ms following 
the presentation of a stimulus. Perseverations may be related to 
impulsivity or an extremely liberal response style.

	•	 Hit reaction time (HRT): the mean response speed, measured in 
milliseconds, for all non-preservative responses made during the 
entire administration. An atypically slow HRT may indicate 
inattentiveness but may also result from a conservative response 
style. So, HRT is also affected by response style.

	•	 HRT standard deviation (HRT SD): measures the consistency of 
response speed for the entire administration. A high HRT SD 
indicates a greater response speed inconsistency, sometimes 
indicative of inattentiveness.

	•	 Variability: is a measure of response speed consistency; however, 
Variability is a “within respondent” measure (i.e., the amount of 
variability the respondent showed in 18 separate sub-blocks of 
the administration with the overall HRT SD score). High 
response speed variability indicates that the respondent’s 
attention and information processing efficiency varied 
throughout the administration.

	•	 HRT block change: the slope of change in HRT across the six blocks 
of the administration. A positive slope indicates decelerating HRT 
as the administration progressed; a negative slope indicates 
accelerating HRT; a flat slope indicates no change in HRT.

	•	 HRT Inter-Stimulus Interval (ISI) change: is the slope of change 
in reaction time across the three ISIs (1, 2, and 4 s). A positive 
slope indicates decelerating HRT at longer intervals, whereas a 
negative slope indicates accelerating HRT at longer intervals.

Based on the respondent’s pattern and scores in each attentional 
dimension, the software identifies the presence and severity of the 
kinds of attention problems the respondent is most likely having. 
Therefore, CPT3™ provides in the outcome report the likelihood of 
having a disorder characterized by attention deficits, such as ADHD 
(Kao and Thomas, 2010).

In this research, a categorical dichotomous variable (YES/NO; 
obtained from the assessment report) is analyzed to indicate whether 
those evaluated have this probability of having an attentional disorder 
(YES indicates moderate to high possibility).

Statistical method

Categorical features
For each feature, a 2×2 contingency table is set up to perform the 

chi-squared test of independence for the groups defined as group C 

(control group of healthy patients) and group P (diagnosed group of 
ME/CFS patients). The significance threshold has been defined as a 
p-value <0.05. Cramer’s V is an effect size measurement for the 
chi-square test of independence. It measures how strongly two 
categorical fields are associated. The degree of freedom (df) is 1, and 
if Cramer’s value >0.1 is considered small-medium, >0.30 is 
considered medium-large, and > 0.50 is considered significant (Kim, 
2017). Cramer’s V was based on Pearson’s chi-squared statistic and 
was published by Harald Cramer in 1946 (Doob, 1946).

Numerical features
The Shapiro–Wilk test and D′Agostino’s K-squared test are 

two of the most commonly used hypothesis tests to analyze 
normality. In both tests, the null hypothesis is that the data comes 
from a normal distribution. The p-value of these tests indicates 
the probability of obtaining data like the observed data if they 
came from a population with a normal distribution with the same 
mean and variance as the observed data. The threshold is a p-value 
<0.05 as sufficient evidence to reject normality. The purpose is to 
verify the conditions of parametric methods for using the t-test. 
For features with a non-normal distribution, the test of 
independence used is the Mann–Whitney U-test for independent 
samples. The analysis is continued by calculating the arithmetic 
means of each variable and the graphical calculation using the box 
plot analysis.

Relationship graph between features
The relationships between the features have been analyzed using 

graph theory. A graph is a collection of nodes (also called vertices) 
joined together in pairs by edges (undirected) or arcs (directed; 
Newman, 2018). The graph structure allows us to capture the pattern 
of interactions between the nodes (individuals or entities). Graph (or 
network) analysis is used to study relationships between individuals 
to discover knowledge about global and local structures. The study of 
structure networks helps to decide the optimal order (Hagberg et al., 
2008). In this work, the graph nodes are defined as all features, and the 
edges are defined as moderate or strong correlations between nodes 
(features). The correlation between two features is represented by 
corr i j,( ) , and Spearman correlation is defined as moderate or strong 
if corr i j,( ) ≥ 0 5.  (Suchowski, n.d.) in case of direct correlation. It has 
been created an edge i j,( )  if abs corr i j,( )( ) ≥ 0 5.  in order to include 
direct and indirect correlation. This analysis used the values of the 
P-group diagnosed by ME/CFS.

Random forest algorithm
Random forest is a widespread algorithm for classification and 

offers the importance of feature values. All classified samples from the 
two defined groups are used to obtain a model. This model classifies 
future samples according to both categorical and numerical CPT3 
scores. The metric used was accuracy. Features importance are 
computed as the mean and standard deviation of accumulation of the 
impurity decrease within each tree. It informs which feature has 
greater power to classify (Liaw and Wiener, n.d.).

Results

The sample size’s value was based on a t-student analysis for two 
populations, ME/CFS patients (P) and healthy controls (C). 
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Distributions of CPT3™ variables were examined before analysis. 
Sample Analysis is reported in Table 1.

There are 17 features analyzed, six categorical and 11 numerical. 
For categorical features, the Chi-Squared test of independence is used 
related to C (Control group) or P (Diagnosed group). Tests of 
independence (Chi-Square, T-Student, and Mann–Whitney) indicate 
if there are significant differences between the two populations of the 
study. The results are shown in Tables 2, 3.

As a result, a pattern of attention deficit is obtained in the ME/CFS 
group when recording as a categorical dichotomous variable (YES/
No) the probability of having a disorder characterized by attention 
deficits, such as ADHD (YES, including moderate to high likelihood 
of having it). With T-Student (if normality), the detectability feature 
is significant. With Mann–Whitney U Test (not normality), all 
variables are significant except HRT Blo C and HRT ISI Ch N, which 
are not.

The categorical variables are dichotomous, with values {1,2}, the 
plots showing whether significant differences exist due to belonging 
to one group or another. The graph in Figure 1 shows the percentage 
of the value of each variable according to the group. For example, it 
can be seen that in the first graph, the D.AT variable (attention deficit) 
is positive (value 2) in 30% of the control group and over 70% in the 
group of diagnosed patients. In this and the inattentiveness (INAT) 
variable, the differences are marked and reflected in the subsequent 
Chi-Square test of independence.

Box plots show for continuous variables the differences between 
quartiles between the different groups, including outliers. It is 
interesting to note the differences in some variables, although their 
significance was calculated using an independence test, such as 
omission (Omission N), perseverance (Persever N) or variability 
(Variabil N), are very evident in Figure 2.

Spearman’s rho value is calculated for the continuous variables 
to define the graph illustrating the relationship between them. Each 
edge of the graph will correspond to a value greater than 0.5 from 
Table  4. The p-value is added to check the significance of the 
rho value.

As a result, three variables are found to be  unrelated. In 
comparison, the five variables on the left of the graph show a complete 
regular graph as a pentagon, i.e., all five variables are related. The 
thicker the edge, the higher the correlation, and the thinner and 
redder the values close to 0.5.

Features importance random forest based

The classification algorithm is run in a Python environment 
(v 3.7.14), and the library used is sklearn (v 1.1). Random forest 
is a Supervised Machine Learning Algorithm that is used widely 

in classification and regression problems. This model classifies if 
a patient is in a control group or not. The database is divided into 
75% to train the model and provide a generalization to predict, 
based on the values of the continuous and categorical variables, 
whether it belongs to group P or group C. The remaining 25% is 
kept for testing the model, i.e., the model is run and compared to 
see how well the model fits the sample. The model offers 77.19% 
accuracy, which means the 25% test dataset predicted with 
77.19% accuracy. After dependence analysis for continuous 

TABLE 1  Sample analysis.

C (Control group) P (CFS Diagnosed 
group)

n (225) 67 158

Age mean (std) 44.82 ± 14.26 51.40 ± 8.11

Females 53 (79.1%) 145 (91.77%)

Males 14 (20.9%) 13 (8.23%)

TABLE 2  Results from numerical features from CPT3™ by groups.

Feature Control 
group (C)

Diagnosed 
group (P)

Independent 
test

Mean STD Mean STD p-Value

  t-student test (for normal distribution variables)

 � Res.Styl N 47.82 8.05 48.95 11.21 0.39644

 � Detectab 

N

46.94 8.67 57.30 11.68 0.00000

Mann–Whitney U Test (for not normal distribution variables)

 � Omission 

N

46.54 3.60 55.28 13.85 0.00000*

 � Commiss 

N

48.64 8.76 57.11 12.18 0.00000*

 � Persever 

N

48.63 5.93 58.81 16.25 0.00045*

 � HRT N 47.33 12.22 53.36 13.24 0.00011*
 � HRT SD 

N

46.54 7.56 61.65 14.70 0.00000*

 � Variabil N 45.01 6.48 55.61 11.73 0.00000*
 � HRT Blo 

C N

49.76 8.30 48.03 13.38 0.457403*

 � HRT ISI 

Ch N

50.42 9.04 50.63 14.23 0.949235*

Mean values according to the type of patient in the P group (CFS patient) or the Control 
group. The independence test was performed using Student’s t-test if the values correspond 
to a normal distribution or Mann–Whitney U test otherwise and marked with an asterisk 
“*.” For values with a p-value of less than 0.05, the hypothesis that group membership 
predetermines the outcome of the variable studied is considered to be accepted.

TABLE 3  Chi-square test of independence results.

Feature Chi square 
value

p-Value Cramer’s*

Attention deficit 43.14 0.00000 0.44

Inattentiveness 50.45 0.00000 0.47

Impulsivity 6.27 0.01225 0.17

Sustained attention 3.87 0.04920 0.13

Vigilance 12.33 0.00045 0.23

Gender 6.00 0.01430 0.16

*Attention deficit, inattentiveness, impulsivity, sustained attention, and vigilance was all 
significant. Gender was also found to be significant. Cramer, greater than 0.30, in 
Inattentiveness (0.47 Cramer’s *), Attention Deficit (0.43 Cramer’s *), and Vigilance (0.23 
Cramer’s *) are significant (medium relation if Cramer >0.30 with df = 1). Significant 
differences indicate that the samples come from different populations. Consequently, it can 
be inferred that the significant variables predict the group the participant belongs to.
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FIGURE 1

Graph of the contingency tables by groups and normalized, where each bar corresponds to the percentage of each value by groups. Each drawing 
represents for each dichotomous variable the group differences, with C being the control group and P the diagnosed group. The following acronyms 
mean the six dichotomous variables: DAT, attention deficit; INAT, inattentiveness; IMPUL, impulsivity; AT.SOST, sustained attention; VIGIL, vigilance; and 
finally, Gender.

features, the most important were HRT N, Detecta N, and 
Variability. Both were found to be  able to classify ME/CFS 
patients shown in Figure 3.

A threshold of 60 is identified in the variable Variability N. For the 
values above, it is rare to find patients in the control group, which 
could indicate a risk of cognitive impairment for patients diagnosed 
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with ME/CFS. The results of the random forests showed that the 
CPT3™ could discriminate between presentations, mainly for the 
inattentive presentation.

Figure 4 shows the importance of each variable. HRT N and 
VARIABILITY N were the critical variables. In contrast, other 
variables related to HRT, such as HRT by Block and HRT ISI 

FIGURE 2

Box plot numerical features analysis by groups. Box plots for continuous variables by groups. The horizontal axis shows the groups, and the vertical 
axis shows the variable analyzed.
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TABLE 4  Rho values > abs(0.5) for variables with high correlation in group 
P (diagnosed ME/CFS).

Features Rho p-Value

Detectab N Commiss N 0.820382 0.00000000

HRT SD N Variabil N 0.786083 0.00000000

Detectab N Omission N 0.776174 0.00000000

Omission N Variabil N 0.766189 0.00000000

Res.Styl N HRT N 0.722694 0.00000000

Omission N HRT SD N 0.691635 0.00000000

Detectab N Variabil N 0.689658 0.00000000

Detectab N Persever N 0.673743 0.00000000

Detectab N HRT SD N 0.614872 0.00000000

Omission N Persever N 0.609529 0.00000000

Persever N Variabil N 0.590245 0.00000000

Persever N HRT SD N 0.531106 0.00000000

Res.Styl N Omission N 0.521658 0.00000000

HRT N HRT SD N 0.501458 0.00000000

Res.Styl N Commiss N −0.563669 0.00000000

The undirected graph is constructed with the data from Table 4 using the rho value itself as 
the weight on each edge, and the result is shown in Figure 2.

FIGURE 3

Network relationship between numerical features. The graph 
represents each continuous variable as a node, indicating the size of 
the node as a function of degree (the number of edges). Both the 
size and color depend on Spearman’s rho value.

Change, had less importance in discriminating ME/
CFS presentation.

Moreover, the results of the CPT3™ showed that a relevant 
number of ME/CFS patients were associated with a likelihood of 
having a disorder characterized by attention deficits, such as ADHD.

Discussion

Together with comprehensive diagnostic interviews, 
neuropsychological assessments could give the patient the “gold 

standard” for diagnosing ME/CFS. To the best of our knowledge, 
this is the first study assessing cognitive dysfunction in ME/CFS 
with CPT3™. It has been found that CPT3™ could detect 
cognitive impairments in all their main attentional measures 
(inattentiveness, impulsivity, sustained attention, and vigilance) 
in our ME/CFS individuals compared to healthy controls. More 
specifically, patients had a worse indicator of inattention, 
sustained attention, vigilance, impulsivity, and slow reaction time, 
showing the likelihood of having an ADHD-like pattern of 
functioning. In addition, relevant correlations were obtained 
between CPT3™ measures in this ME/CFS group. Accordingly, 
the adoption of the CPT3™ is supported as a specific test in ME/
CFS aimed at analyzing the cognitive domains (attention and 
response speed) that seem to be key in the cognitive dysfunction 
of ME/CFS.

This work is in line with another previous study that assessed 
different types of attentional impairments in ME/CFS but using 
another brief and simple instrument (The Toulouse-Piéron Test) 
that allows the measurement of maintained attention—
concentration, and resistance to monotony, and also, evaluates the 
multidimensional domain of attention, classified into different types 
such as arousal attention (alertness/activation), focused attention 
(detection of a stimulus) and sustained attention (attention to a 
stimulus or task for a prolonged time). These types of attention 
problems compromise various neuroanatomic structures, pathways, 
neurotransmitters, and their receptors. Their results support the 
reliability of maintained attention as a biomarker of ME/CFS, and 
attention deficit is a significant disability in patients affected by 
central fatigue. This neurocognitive dysfunction points to the 
neural networks involved in attention and focuses the pathological 
substrate in areas like the anterior cingulate cortex, lateral ventral 
prefrontal cortex, basal ganglia, or locus coeruleus (Murga 
et al., 2021).

Our results are in agreement with other neurocognitive 
research in ME/CFS reflecting attentional impairments on 
cognitive performance in these patients (Murga et  al., 2021). 
Following these current findings, it would be quite interesting to 
monitor these brain areas with advanced techniques, such as 
fMRI, PET-scan, etc., to establish the key neurological bases that 
could be involved in CFS.

A neurocognitive profile in ME/CFS has not been described 
only because of the heterogeneity of the symptoms, but also for 
other shortcomings such as the lack of specific neuropsychological 
tests to evaluate it. CPT3™ represents a reliable alternative for 
assessing attention disorders in ME/CFS and allows a comprehensive 
measurement of multiple cognitive variables quickly. As a 
computerized test in the form of a computer game, the 
administration is more practical and stimulating for these patients, 
and the elaboration and quantification of scores are accurate. The 
Conners Continuous Performance Test (CPT) is widely used in 
clinical practice for its usefulness in the study of attention in various 
pathologies such as Attention Deficit Hyperactivity Disorder 
(ADHD; Newcorn et  al., 2001; Baggio et  al., 2020), although a 
previous study reported that the CPT3™ might be sensitive only to 
some of the core deficits of ADHD, but not hyperactivity. This 
instrument is not considered specific for ADHD, and although CPT 
may not differentiate between psychiatric and neurological 
disorders that result in executive dysfunctions (Baggio et al., 2020), 
it can be used in other diseases.
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CPT3™ makes corrections for age and gender, so published 
results have already been corrected for biases identified in several 
studies (Newcorn et al., 2001; Conners et al., 2003; Seidman et al., 
2005; Burton et  al., 2010; Ramtekkar et  al., 2010). T-scores are 
relative to age group and gender, with sex-independent consultation 
being possible as an option. Although the study design did not take 
into account a gender or age balance in the sample, and this should 
be taken into account in future studies, the gender variable was 
surprisingly significant in the Chi-square test. Furthermore, despite 
the fact that there is also a gender imbalance, especially in the group 
of diagnosed patients, the scores are in line with other studies that 
report on the influence of gender on chronic fatigue (Lim 
et al., 2020).

CFS/ME patients have more difficulty discriminating between 
targets and non-targets, and this poor detectability indicates inattention. 
A very unusual number of omission errors may indicate clinical 
impairment, fatigue, poor understanding of instructions, or a lack of 
motivation to respond with full effort. The results of the Mann–Whitney 
U test show that all variables are significant except HRT Block Change 
(HRT Blo C, meaning that the slope of HRT change in the six test 
blocks) and HRT ISI change [HRT ISI Ch N; indicates that the HRT 
change’s slope in the three ISIs (1, 2, and 4 s)]. A T-score of 60–69 in HRT 
is classified as slow response, and a T-score of 60–69 in Variability is 
interpreted as under-average performance. Slower reaction times and 
high inconsistency of response speed may be  associated with the 
inattentive profile. High response speed variability indicates that the 
respondent’s attention and information processing efficiency varied 
throughout the administration (Kao and Thomas, 2010).

Indicators that measure response speed act as good discriminants 
between both groups. Hit Reaction Time (HRT) is the average 
response speed of correct responses for the entire administration, 
measured in milliseconds, for all non-perseverative responses made 
during the entire administration. An atypically slow HRT may 
indicate inattention, especially when error rates are high, but may 
also result from a very conservative response style. Variability, like 
HRT SD, is a measure of response speed consistency; however, 
Variability is a “within-respondent” measure (i.e., the amount of 
variability the respondent exhibited in 18 separate sub-blocks of the 
administration relative to their overall HRT SD score). Although 
Variability is a different measure than HRT SD, the two measures 
typically produce comparable results, and both are related to 
inattention. High response speed variability indicates that the 
respondent’s attention and processing efficiency varied throughout 
the administration. These scores mean that the response speed in the 
ME/CFS significantly differed from the response speed in the control 
group. The high variability of the response speed and the slow 
reaction time obtained indicate that ME/CFS suffer dysfunctions in 
the efficiency of information processing and commit more errors of 
omission, commission, and perseverance than healthy controls, 
presenting not only more attention problems, but being slower and 
with greater inconsistency in response speed when performing this 
test. The high variability of response speed indicates that the 
attention and processing efficiency of the ME/CFS patients varied 
throughout the administration. Figure  5 suggests that this is a 
discriminant element in differentiating ME/CFS from healthy 
people. The Hit Reaction Time Standard Deviation (HRT SD) 
measures the consistency of the speed of response to target stimuli 

FIGURE 4

Scatter plot showing the discriminant threshold. Scatter plot of Variabil N (vertical axe) and HRT N (horizontal axe) where number 1 (red color) 
corresponds to P group, and number 0 (green color) corresponds to C group.
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across the administration. A high HRT SD in CFS/ME patients also 
indicates a greater inconsistency in response speed. It is sometimes 
indicative of inattention, which could suggest that ME/CFS patients 
were less engaged and processed stimuli less efficiently than healthy 
subjects during some parts of the CPT3™ administration. Overall, the 
ME/CFS group has more-atypical T-scores, which is associated with 
a high likelihood of having a disorder characterized by attention 
deficits, such as ADHD. However, assessors should keep in mind 
that other psychological and/or neurological conditions with 
attention-disrupting symptoms may also generate atypical scores 
(and thus a high or very high probability estimate). A previous study 
suggested that ADHD may be common in ME/CFS patients and is 
associated with a more severe psychopathology clinical profile (Sáez-
Francàs et al., 2012).

For all the above, CPT3™ represents a reliable alternative to 
objectively and comprehensively assess attentional deficits in 
CFS. However, it also allows the assessment of other executive 
function domains, such as information processing speed and 
inhibition, providing the reaction time measures which can 

be considered discriminant indicators of ME/CFS patients. This tool 
makes it possible to assess the severity of cognitive dysfunction in this 
population and could improve the diagnosis and/or monitor 
these patients.

It should be noted that for a proper interpretation of CPT3™ test 
results in patients diagnosed with CFS, it would be  necessary to 
investigate the clinical history further to assess the individualized 
performance of each measured dimension. The impact of medication 
use on cognitive functioning has not been explored in-depth, and it 
would be interesting to consider it in future studies. Even though the 
CPT lacks ecological validity (Baggio et  al., 2020) as it does not 
adequately simulate the difficulties patients may experience in their 
daily life (i.e., it is free of external distractions that are likely to impair 
the patient’s real-life performance and it is a rather short task to 
represent overall performance), ME/CFS patients presented altered 
CPT3™ parameters when compared to healthy people. Most patients 
were not referred from primary care but belonged to a specialized unit 
in a tertiary care hospital. They probably have more mental and 
non-mental comorbidities, more severe symptoms, and more years of 

FIGURE 5

Pair plot analysis of the most significant features to discriminate between groups. Histograms as a function of the group and scatter plots of the 
combinations between the three chosen variables.
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diagnosis. It should be considered to analyze the relationship between 
the results obtained through the CPT3™ with other variables, such as 
the severity of symptoms, associated comorbidities, and the time of 
diagnosis of ME/CFS, evaluating the changes over time in these 
participants. Using the test–retest after an estimated suitable time 
could be  convenient for contemplating the evolution of cognitive 
functioning in these patients. Furthermore, it would be  very 
interesting to analyze the relationship between the degree of fatigue, 
the psychopathological symptoms, and the cognitive performance of 
the CPT3™ in these patients.

Finally, it would be  highly recommended in future studies to 
contemplate an analysis of how the presence of comorbid 
psychopathological symptoms in ME/CFS influences the cognitive 
performance obtained in the CPT3™, since it is a test that does not 
discriminate the presence of these factors. Furthermore, it would 
be interesting to replicate this study by including another group with 
severe psychiatric disorders like major depressive disorder.

Limitations

All the patients come from the specialized chronic fatigue unit of 
the Vall D’Hebrón University Hospital in Barcelona. Patient data from 
other CFS-specialized units with similar protocols could enrich this 
work. Further research is needed to determine differences in ME/CFS 
patients to validate this work. CPT3™ response values have also not 
been evaluated based on controlled medication. There is no 
information on the influence of COVID-19 infection on the results in 
either group.

Conclusion

CPT3™ adequately identifies ME/CFS in this clinical sample of 
adult participants compared to healthy controls. This profile of 
cognitive dysfunction could be related to other pathophysiological 
phenomena of CFS, and its determination could be key to elucidating 
the underlying basis and providing empirical evidence for the 
usefulness of this computerized neuropsychological test. Additionally, 
fatigue is the most common symptom associated with NCDs. There is 
insufficient evidence examining the relationship between fatigue and 
cognitive impairments in patients with other chronic diseases in 
which the symptom fatigue appears (e.g., major depressive disorder, 
fibromyalgia, postcovida, etc.). Further studies using CPT3™ could 
be  useful to examine possible relationships between these 
two symptoms.

This study shows that a relevant number of ME/CFS patients 
had CPT3™ values compatible with a likelihood of having a disorder 
characterized by attention deficits, suggesting the possible existence 
of an underlying neurological basis for attentional dysfunction 
among the study patients. Furthermore, it was shown that two 
measures of response speed (hit reaction time and variability) act 
as good discriminants between both groups. Taken together, CPT3™ 
is a helpful neuropsychological instrument for discriminating 
cognitive impairments in attention and response speed in 
CFS. Therefore, the results obtained here will allow us to justify the 
use of the CPT3™ in other investigations that explore the cognitive 

functioning of these patients, and even this computerized test could 
be considered as a possible candidate marker for ME/CFS. As this 
is the only study reporting CPT3™ scores in adult ME/CFS patients, 
future studies are needed to compare this test across ME/
CFS centers.
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A synthetic data generation system 
for myalgic encephalomyelitis/
chronic fatigue syndrome 
questionnaires
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Artificial intelligence or machine-learning-based models have proven useful for better understanding 
various diseases in all areas of health science. Myalgic Encephalomyelitis or chronic fatigue syndrome 
(ME/CFS) lacks objective diagnostic tests. Some validated questionnaires are used for diagnosis 
and assessment of disease progression. The availability of a sufficiently large database of these 
questionnaires facilitates research into new models that can predict profiles that help to understand 
the etiology of the disease. A synthetic data generator provides the scientific community with 
databases that preserve the statistical properties of the original, free of legal restrictions, for use 
in research and education. The initial databases came from the Vall Hebron Hospital Specialized 
Unit in Barcelona, Spain. 2522 patients diagnosed with ME/CFS were analyzed. Their answers to 
questionnaires related to the symptoms of this complex disease were used as training datasets. They 
have been fed for deep learning algorithms that provide models with high accuracy [0.69–0.81]. The 
final model requires SF-36 responses and returns responses from HAD, SCL-90R, FIS8, FIS40, and PSQI 
questionnaires. A highly reliable and easy-to-use synthetic data generator is offered for research and 
educational use in this disease, for which there is currently no approved treatment.

Myalgic encephalomyelitis, commonly called chronic fatigue syndrome (ME/CFS), is a serious, complex, and 
chronic multisystem illness of unknown etiology, often triggered by a persistent viral infection (for this reason, it 
is also known as post-viral fatigue syndrome). ME/CFS affects as many as 17 to 24 million people worldwide, and 
its prevalence is expected to double by 20301. It is characterized by unexplained and persistent post-exertional 
fatigue that is not relieved by rest. It is exacerbated by physical and mental exertion and other core symptoms 
such as cognitive, immunometabolic, autonomic, and neuroendocrine dysfunction2. It produces severe disabil-
ity in patients, significantly interfering with their work activity and their daily life tasks3. In addition to fatigue, 
these patients have characteristic inflammatory and muscular symptoms, sleep dysfunction, and altered cogni-
tive functions4. The symptomatic muscle blocks symptoms such as pain, generalized muscle weakness, fatigue 
after physical exertion, neurological symptoms (sensory hypersensitivity, ataxia, dysmetria, visual disturbances, 
and motor incoordination), neurocognitive symptoms (alterations in memory, concentration, calculation, task 
planning). The autonomic block (cephalic instability, dizziness, fainting spells, excessive sweating, orthostatic 
hypotension, tremor or alterations in intestinal rhythm), immunoinflammatory symptoms (low-grade fever, sore 
throat, recurrent canker sores, polyarthralgia, morning numbness, infections such as herpes or candida) and defi-
ciency symptoms in the production of cellular metabolic energy. Sleep disturbances have been relevant since their 
description as their clinical entity. In all versions of the different ME/CFS diagnostic criteria, sleep disorders have 
played a key role, especially the presence of unrefreshing sleep and the importance of the Pittsburgh Sleep Quality 
Index (PSQI) questionnaire in the assessment of the severity of alterations in sleep quality and its association 
with fatigue, pain, psychopathology, and neurovegetative dysfunction5. ME/CFS, together with the symptomatic 
complexity that it presents, as a consequence of its multisystemic nature, is associated with different comorbid 
phenomena such as fibromyalgia, sicca syndrome, myofascial syndrome, psychopathology, ligament hyperlaxity, 
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fasciitis plantar, degenerative vertebral disease or mechanical, shoulder tendinopathy, multiple chemical sensitiv-
ity, epicondylitis, carpal tunnel syndrome, osteoporosis, hypercholesterolemia, hypertriglyceridemia, vascular 
risk, endometriosis, thyroiditis, with a higher prevalence than that observed in patients not affected by ME/CFS6.

In the study of ME/CFS, after the diagnosis and assessment of comorbid phenomena, it is essential to quan-
tify and assess fatigue, quality of life, or anxiety/depression psychopathology using a battery of clinically self-
administered questionnaires. Today there are few units specialized in ME/CFS in the world, with a relatively low 
number of duly documented cases and a lack of publicly available data compared with other disorders. Moreover, 
unfortunately, there are no commercially available diagnostic tests, no specific lab biomarkers, and no targeted 
FDA-approved drugs for ME/CFS7. Therefore, each subject to be diagnosed with ME/CFS must undergo a Fukuda 
criteria evaluation and procedure that each unit has established using batteries of validated self-administered 
questionnaires. As stated before, it is important to evaluate the disabling fatigue perception, sleep problems, and 
health-related quality of life using self-administered questionnaires such as the fatigue impact scale FIS408 and 
FIS89, PSQI10, and Short Form Health Survey (SF-36)11, Symptom Checklist-90-revised (SCL 90 R) psychological 
inventory12, hospital anxiety and depression scale (HAD)13. Ongoing placebo-controlled clinical trials to evaluate 
the clinical benefits of drugs on ME/CFS symptoms14 have changed some questionnaire scores from baseline to 
final study as a primary endpoint.

There is no consensus on the number and type of questionnaires that should be carried out, so not all units 
record the same number per subject. Consequently, it is complex for ME/CFS units to have many records of the 
questionnaires necessary to efficiently approach large longitudinal and multicenter studies of patients with this 
pathology using the latest advances in data analysis, such as Machine Learning techniques.

Machine Learning is a particular method of data analytics that automates model building as it relates to the 
development of models. Over the last years, it has been proven great performance of machine learning super-
vised algorithms in several clinical applications15 to diagnose and treat diseases. Supervised learning involves 
training machine learning-based algorithms using labeled input datasets requiring however, to be efficient and 
get optimal results, a large number of records are needed. The learning occurs by comparing results with the 
expected outputs to identify errors and change the model’s weights to infer knowledge. There are few publica-
tions, and all of them very recent, that refers to the application of different machine learning techniques in ME/
CFS: seeking a new biomarker16, clustering17, or discovering the relationship between depression and ME/CFS18, 
using neural networks seeking omic biomarkers16 or neural networks classifiers19. While they all make important 
steps forward in understanding ME/CSF, the limited sample size makes generalization and translation of their 
findings to clinical practice or other datasets difficult. Also, as stated before, when there are no clear biomark-
ers to follow the evolution of the illness, like in ME/CSF, quality-of-life questionnaires are used to measure it14. 
There are several lines of investigation, such as clustering20 or finding relations between blood measurements 
with questionnaires data21.

Therefore, there is an increasing demand to access large repositories of high-quality health datasets for bet-
ter and more reliable predictions from supervised machine learning algorithms. Anonymized electronic health 
records are bought and sold by insurance22 and clinical groups23. However, they are limited in size or content, 
might be incomplete, and their applications might be restricted. This problem can be overcome using synthetic 
datasets coming from simulations24,25. Synthetic datasets are generated to create data for improving the sample 
size of existing cohorts or filling in the missing values, preserving privacy while keeping the real data character-
istics. Synthetic data generators preserve the statistical properties of the original. However, they do not reveal 
any information regarding real people and offer several benefits, such as overcoming real data usage restrictions 
of data sharing and patient consent. There is a need for developing synthetic datasets that would complement 
real-world data for various reasons26: ease of access, cost-efficiency, test-efficiency, patient privacy protection, 
completeness, and validation capabilities, handling missingness, complex interactions between variables, result-
ing sensitivity analysis statistics from latest classifiers and graphical modeling and resampling27. A common 
application of synthetic data generation in medicine is image generation simulating diseases. It helps to test and 
benchmark the performance and accuracy of different algorithms. Some recent applications are in the simulation 
of skin lesions28, brain atrophy in aging or Dementia29, generation of PET MRI scans for Alzheimer’s disease30, 
tumor generation in the brain31, or breast cancer32.

This work aims to generate a robust and reliable synthetic data generator for ME/CFS questionnaires to pro-
duce high-fidelity and risk-free health care records, enhance existing public and private ME/CFS datasets for 
investigation and educational use, and are free of legal, privacy, security, and intellectual property restrictions.

Patients and methods
Dataset.  This prospective cross-sectional study includes 2,522 subjects diagnosed with ME/CFS from the 
Vall d’Hebron University Hospital, Barcelona, Spain, 90.5% females (mean age 48.11 ± 10.31 years) and 9.5% 
males (mean age 44.41 ± 11.35 years). Data for SF-36, HAD, FIS8, FIS40, SCL 90 R, and PSQI questionnaires has 
been obtained and recorded from 2008 to 2021. See Table 1 for final records. Patients were eligible to participate 
if they were 18 years, had a confirmed diagnosis of ME/CFS, met the Fukuda33 and Carruthers criteria34, and 
provided signed written informed consent and ethics committee approval. The data collected were anonymized 
in a database to which only those designated for the study had access, and in no case was any information known 
that could reveal or infer the participant’s identity.

Relationship graph between questionnaires.  Graph theory was used to analyze the relationships 
between the subscales of each questionnaire. A graph is a collection of nodes (also called vertices) joined together 
in pairs by edges (undirected) or arcs (directed)35. The graph structure allows us to capture the pattern of inter-
actions between the nodes (individuals or entities). Graph (or network) analysis is used to study relationships 
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between individuals to discover knowledge about global and local structures. The study of structure networks 
helps to decide the optimal order36.

In this work, the graph nodes are defined as all subscales, and the edges are defined as moderate or strong 
correlations between nodes (subscales). The linear correlation between two subscales is represented by corr

(
i, j

)
 , 

and Pearson correlation is defined as moderate or strong if corr
(
i, j

)
≥ 0.5 37 in case of direct correlation. An 

edge
(
i, j

)
  is defined if abs

(
corr

(
i, j

))
≥ 0.5.

The relation of subscales between each test is related in Table 2. Each subscale has been classified according 
to the area to which it has been defined and named as the subject. Thirty-eight subscales, six tests, and twelve 
subjects form the dataset to create the relationship between them to the graph.

The study of the relationships mentioned above should indicate the order to generate our machine learning 
models. The SF-36 is prevalent and will be used in our model as initial data. The rest of the order will be given 
by the relationships between the different tests so that those with a stronger relationship are consecutive in the 
model. The strength of the relationship is measured in terms of the percentage of connections between the test 
nodes.

Model architecture.  Real data of all of six questionnaires are required to train and build the models. First, 
an input matrix represents the validated answers of a number of patients, where n is the number of validated 
responses and f the number of questions. That is the first training data. As predicted, it has to be a second ques-
tionnaire which the same n and f1 questions. The model must generate a predicted matrix with the same dimen-
sion. The next step has as input matrix the initial matrix concatenated with the last predicted matrix and the 
second questionnaire response matrix for prediction, as shown in Fig. 1.

Machine learning algorithms.  Classification and regression models can be used. The goal is to provide 
186 output dimensions that must be calculated step by step. The output is compared with the real data set to 
validate the model. The results are validated using the t-student test. The strategy is to validate one questionnaire. 
The next step is concatenating the questionnaire answers matrix as input with the final output with different 
models. It has tested machine learning and deep learning algorithms step by step. The validation system has 
measured whether real and synthetic data come from the same populations within t-student statistics. The mod-
els tested have been regressors and classifiers. The comparison between XGBoost and Deep Neural Networks 
(DNN)38,39 shows that both models offer similar performance in structured data.

Validation metrics.  The F1-score can be interpreted as a harmonic mean of precision and recall, where an 
F1-score reaches its best value at one and worst score at zero. The relative contribution of precision and recall to 
the F1-score are equal. The formula for the F1 score is:

and operating,

where TP is the number of true positives, FN is the number of false negatives, and FP is the number of false 
positives. Better performance means lower FN and FP values, and better precision and recall mean better F1 

max (reli/relj) for each i, j∀i, j ∈ [1, n]in n test

reli = number of nodes of test i related with nodes of test j

relj = number of nodes of test j

Fβ =
(
1+ β2

) precision× recall

β2 precision+ recall

F1 =
TP

TP + (FN + FP)

Table 1.   Available data for each questionnaire and the questionnaires’ characteristics. From left to right, each 
column title means Registers: number of available forms. Questions: number of questions per questionnaire. 
Subscales: number of defined subscales. Total Value: The questionnaire has a unique resume value. Answers’ 
rank: Possible answer value for each question.

Questionnaire Registers Questions Subscales Total value Answers’ rank

SF 36 2346 36 10 NO {1,2,3,4,5,6}

HAD 2339 14 2 YES {0,1,2,3}

FIS8 2057 8 0 YES {0,1,2,3,4}

FIS40 2362 40 3 YES {0,1,2,3,4}

SCL 90 R 2361 90 12 NO {0,1,2,3,4}

PSQI 1959 34 7 YES {0,1,2,3}
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performance. In imbalanced data, greater accuracy than the F1 score indicates that some labels perform poorly. 
Recall is defined by the ratio recall = tp

tp+fn
40. Accuracy is defined if 

(
y, ŷ

)
 as a (sample, predicted), then the frac-

tion of correct predictions over samples is defined as

Mean error is defined as the ratio of overall value questionnaire predicted versus comprehensive value sample 
questionnaire. The series for t-student value is defined as the sum of all answers of each questionnaire variable, 
predicted, and sample data.

Ethics approval.  The authors declare that the procedures followed were by the regulations of the responsi-
ble Clinical Research Ethics Committee and by those of the World Medical Association and the Helsinki Decla-
ration. The research protocols were approved by the Ethics Committee of the Vall d’Hebron University Hospital, 
the first “Population-based Registry of Patients with Chronic Fatigue Syndrome” approved on 18/10/2006.

accuracy
(
y, ŷ

)
=

1

nsamples

nsamples−1∑

i=0

1
(
ŷi = yi

)

Table 2.   Subscales and subject definitions for questionnaires. Test: Each of the analyzed questionnaires. 
Subscales: Every dimension defined in every questionnaire. Subject: Area that is associated with each subscale.

Test Subscale Subject

SF-36

Physic function (PF) Physic

Rol physic (RP) Physic

Body pain (BP) Pain

General health (GH) General health

Vitality (VT) Vitality

Social function (SF) Social

Rol emotional (RE) Emotional

Mental health (MH) Mental

Physical component score (PCS) Physic

Mental component score (MCS) Mental

HAD

Total anxiety Anxiety

Total depression Depression

Total HAD Depression

FIS40

Physic dim Physic

Cognitive dim Cognitive

Social dim Social

Total FIS40 Physic

FIS8 FIS8 Physic

PSQI

Component 1 Sleep quality

Component 2 Sleep quality

Component 3 Sleep quality

Component 4 Sleep quality

Component 5 Sleep quality

Component 6 Sleep quality

Component 7 Sleep quality

Total PSQI Sleep quality

SCL 90 R

Somatizations (SOM) Mental

Obsessions (OBS) Mental

Interpersonal sensitivity (SI) Mental

Depression (DEP) Depression

Anxiety (ANS) Anxiety

Hostility (HOS) Anxiety

Phobic anxiety (FOB) Anxiety

Paranoid (PAR) Mental

Psychoticism (SIC) Mental

Severity global index (GSI) Mental

Positive symptoms (PST) Mental

Symptomatic discomfort Index (PSDI) Mental
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Results
Relationship across questionnaires.  In our proposed model, an edge

(
i, j
)
 is defined if abs

(
corr

(
i, j
))

≥ 0.5 
which indicates moderate or strong direct and indirect correlation. The 2370 registers were validated, and the 
Pearson correlation analyzed 38 questionnaire subscales. The subject of each subscale represents networks with 
each node (9) shown in Fig. 2. Mental, depression, and anxiety are strongly correlated with physical subjects. 
SF-36 emotional subscales are relational with anxiety, depression, and mental subscales (SCL 90 R and HAD 
questionnaires). As can be seen, HAD and SCL 90 R are strongly correlated. The node’s size is related to the 
degree of the node, i.e. the number of incident edges.

In supplementary material, the second network analyzes the subscales as a node and the same relationship 
as an edge. The SF-36 subscales (green) have strong relationships with HAD (magenta) and FIS8, and FIS40 
(strong-green and red, respectively). SCL 90 R (brown) has a strong relationship with HAD. Furthermore, PSQI 
(blue) has no relationship except the total psqi value. The strength of the relationship is measured in terms of 
the percentage of relationships between the test nodes. The initial test is SF-36, and its nodes have relationships 
with 100% of HAD’s nodes (3 of 3) and only 25% of SCL 90 R (4 of 12). HAD’s nodes have a 100% relationship 
with SCL 90 R’s nodes. SCL 90 R has a relationship with the unique FIS8 node, which has relationships with all 
four FIS40 nodes. The last test with few relations is PSQI. Consequently, the order decided according to afore-
mentioned relationships is: HAD, SCL 90 R, FIS8, FIS40, and PSQI.

Best model selection.  A test comparison between XGBoost, Classifier and XGBoost Regressor using SF-36 
as training data and HAD as a target with 2321 validated registers, is provided in supplementary material Fig. 3. 
The hyperparameter defines how our model works41. The parameters tuned were max_depth, gamma, reg_alpha, 
reg_lambda, colsample_bytree, min_child_weight, subsample, n_estimators and eta. Hyperopt has been used for 
hyperparameter tuning41. Both must be trained for each question; therefore 14 models have to be trained. The 
order on a set predicted value is {0, 1, 2, 3}, and the trained value is {1, 2, 3}, where in both cases, greater values 
show worse health status. Regressor predicted rounded to compare between real data. The results of the model 
are analyzed with XGBoost and the regression and classification are compared. The mean regression error is 
much higher than the classification error (32.50% vs. 3.16%). Therefore, the regression model is discarded in 
the following analyses (the results are available in the supplementary material, Table S1). Total connections have 
been 32,494 (2321 registers × 14 questions HAD questionnaire) and “1” and “2” answers are 67.25% of the total. 
The model tends to reduce the mean error, so the model predicted 70% more “1” than real and rare predicted, 
“3” (For more information, see Table S3 in the Supplementary Material).

Imbalanced data occur where one or more class labels have a very high number of observations, and the 
other has a lower one. The main problem is to increase accurate predictions of the minority class. To consider 
the skewed distribution of classes of different weights, classes with weights result in a penalty and a minor update 
of the model coefficients. The model based on the Keras library is more flexible, and for each question, it can be 
considered as the difference of the unbalanced data. The main difference between the Keras classifier model is 

Figure 1.   Modeling schema. The model requires a questionnaire answers matrix as an input value. The output 
is the other five questionnaires. Each questionnaire has a different number of questions and subscales. A simple 
sum of the number of questions calculates most subscales. For example, the SF-36 input dimension is n × 36, 
where n is the number of patients who answered the SF-36 questionnaire. The output is n × 186, where 186 is all 
five questionnaire answers.
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the usage of the recall value, which helps to reduce the aforementioned problem with imbalanced data (for more 
information, see Table S3 in the Supplementary Material). For each class, do

where n is the number of valid registers, classes is the number of classes, and counti is the support of ith class. 
Results comparison 1st questions of HAD (for more information, see Table S1–S3 in the Supplementary Mate-
rial). The answer “0” has 66 (2.8%) support, and the answer “3” has 562 (24.21%) support. Minority-weighted 
label classes tend to be underrepresented with a low recall rate, 0.00 in the first case. These biases produce worse 
synthetic quality data for posterior analysis. Table 3 shows the results once corrected by the configuration in our 
model, improving the results significantly in those responses with low representation.

Model results.  Building the model needs five steps, as depicted in Fig. 3. The first step requires an SF-36 
questionnaire input matrix with 3019 registers which HAD questionnaire had the same. The output is a HAD 

classWeighti =
n

(classes × counti)

Figure 2.   Subscales relationship graph. Color nodes represent the test to which nodes belong. The percentage 
in the legend represents the number of nodes versus the total. 
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Table 3.   Keras weighted model results.

Answers Precision Recall f1-score Support Class weights

0 0.62 0.79 0.69 66 8.80

1 0.71 0.83 0.76 886 0.66

2 0.66 0.59 0.62 807 0.72

3 0.83 0.69 0.75 562 1.03

Accuracy 0.71 2321

Macro avg 0.70 0.73 0.71 2321

Weighted avg 0.72 0.71 0.71 2321

Figure 3.   Keras Classifier algorithm schema.

Table 4.   Final model result. Each question of each step needs different parameters, so it has to train 188 
models with other parameters.

Metrics

Steps models summary

STEP 1 STEP 2 STEP 3 STEP 4 STEP 5

Inputs models (dimension) SF-36 (2321 × 36) SF-36 + HAD (2314 × 50) SF-36 + HAD + SCL 90 R 
(2019 × 140)

SF36 + HAD + SCL 90 R + FIS8 
(2019 × 148)

SF-36 + HAD + SCL 90 
R + FIS8 + FIS40 (1902 × 188)

Accuracy 0.67 0.78 0.81 0.78 0.78

Precision 0.69 0.78 0.83 0.79 0.80

Recall 0.72 0.76 0.76 0.74 0.76

F1 score 0.70 0.77 0.81 0.76 0.78

Mean error  − 1.35%  − 1.22%  − 2.59%  − 2.81%  − 5.50%

t-student 0.79 0.85 0.67 0.18 0.37

output HAD SCL 90 R FIS8 FIS40 PSQI
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synthetic matrix. The second step requires an input matrix of SF-36 + HAD (synthetic data) and produces syn-
thetic SCL 90 R responses and so on. The results are detailed in Tables 4, 5. 

Discussion
Given the SF-36 questionnaire data can create using a new model, synthetic responses from other questionnaires 
inform the impact of fatigue, psychological phenomena, and sleep dysfunction. The lack of risk-free health data 
is an issue in ME/SFC hospital units and investigators. This open-source project offers a tool to generate risk-
free synthetic data for the health IT and clinical community to use, experiment, and create more synthetic data. 
The quality based on validation tests did not cover projects or research focused on clinical discovery. Synthetic 
data can be an alternative to ground truth when data access is restricted and an excellent alternative to machine 
learning training/testing datasets26.

The SF-36 includes one multi-item scale that assesses eight health concepts: (1) limitations in physical activi-
ties because of health problems; (2) limitations in social activities because of physical or emotional problems; (3) 
limitations in usual role activities because of physical health problems; (4) bodily pain; (5) general mental health 
(psychological distress and well-being); (6) limitations in usual role activities because of emotional problems; 
(7) vitality (energy and fatigue), and (8) general health perceptions and is one of the most used quality life ques-
tionnaires used and evaluated41. The other five questionnaires used in this work complement most information 
about the quality of life of ME/SFC patients.

The questionnaires can be answered quickly and are regularly available in primary care and specialized medi-
cal consultations. Some applications offer automated analyzed results that inform essential information about 
patient health conditions.

The graph theory has been used to decide the order of the modeling cascade. Although a deeper analysis of 
these relationships should be the subject of another, more specific work, in this case, it informs us of the order 
used in our model. These relationships will characterize our model, which will be more robust with more records 
analyzed. Our dataset is unusually great in SFC, which becomes robust to our models.

Our synthetic dataset generator applications fill in missing data of real datasets from any other five question-
naires. For those, ME/SFC dataset clinical units with SF-36 questionnaire answers but missing others could build 
a complete dataset.

Limitations
(1) Single-center trial. (2) Unit of reference in diagnosing and treating CFS/ME, which may be biased towards 
more severe cases and a longer evolution time than studies in primary care. (3) No information is available on 
parameters such as the results of the two-day ergometric test for assessing exercise intolerance, a neuropsycho-
logical battery for assessing cognitive impairment, and neurovegetative dysfunction, e.g., heart rate variability. 
(4) That this is a prospective study with cross-sectional data collection. It is not a longitudinal study.

Conclusion
Synthetic patients can be simulated with models of ME/CFS questionnaires data and corresponding standards 
of care to produce risk-free realistic synthetic healthcare records at scale. An open-source generator offers 
high-fidelity synthetic data for investigation and educational use, free of legal, privacy, security, and intellectual 
property restrictions.

Data availability
GitHub is an online platform where researchers and software developers share their work with the scientific 
community. The following link shares the work described here. The datasets generated and/or analyzed during 
the current study are available in the SFCSyntheticDataGenerator repository, https://​github.​com/​mlaca​sa/​SFCSy​
nthet​icDat​aGene​rator
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Abstract: This research aimed to examine the potential alleviative effects of beta-glucan adminis-
tration on fatigue, unrefreshing sleep, anxiety/depression symptoms and health-related quality
of life in ME/CFS. A 36-week unicenter, randomized, double-blind, placebo-controlled trial was
conducted in 65 ME/CFS patients, who were randomly allocated to one of two arms to receive four
capsules each one of 250 mg beta-glucan, 3.75 µg vitamin D3, 1.05 mg vitamin B6, and 7.5 mg zinc
(n = 35), or matching placebo including only microcrystalline cellulose as an excipient (n = 30) once
daily. The findings showed that the beta-glucan supplementation significantly improved cognitive
fatigue (assessed with FIS-40 scores) after the 36-week treatment compared to the baseline (p = 0.0338).
Taken together, this study presents the novel finding that yeast-derived beta-glucan may alleviate
cognitive fatigue symptoms in ME/CFS. Thus, it offers valuable scientific insights into the potential
use of yeast beta-glucan as a nutritional supplement and/or functional food to prevent or reduce
cognitive dysfunction in patients with ME/CFS. Further interventions are warranted to validate
these findings and also to delve deeper into the possible immunometabolic pathomechanisms of
beta-glucans in ME/CFS.

Keywords: chronic fatigue syndrome; beta-glucan; zinc; vitamin D3; vitamin B6; myalgic en-
cephalomyelitis; mitochondria; non-restorative sleep; quality of life

1. Introduction

Myalgic encephalomyelitis or chronic fatigue syndrome (ME/CFS) is a complex debil-
itating disorder affecting approximately 17 million people worldwide with a prevalence
ranging between 0.2 and 2.6% [1] and a higher frequency in women [2]. ME/CFS is
characterized by unexplained and persistent post-exertional fatigue lasting for at least
six months, which worsens with physical or mental activity and is not relieved by rest or
sleep [3]. ME/CFS is often accompanied by a cluster of other symptoms such as cogni-
tive impairments, impaired immune function, neuroendocrine alterations, and autonomic
dysfunction [4]. The condition represents a considerable public health problem and is a
cause of severe disability in society, with a marked impact on professional activities and on
social and personal relationships [5,6]. All these symptoms can significantly compromise
the quality of life of sufferers, as they limit the ability of ME/CFS patients to perform daily
tasks [7,8].
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In addition, the sleep disturbances commonly reported in ME/CFS patients have
been shown to exaggerate these cognitive symptoms and make them more difficult to
control [9,10]. At present, there are no specific tests for diagnosing ME/CFS, and so a
comprehensive clinical assessment is essential, especially when evaluating the impact of
fatigue, quality of life, anxiety/depression symptoms, and health-related quality of life;
this assessment should include consultation of medical records, physical examination,
laboratory testing, and neuroimaging techniques, along with validated neuropsychiatric
tools [11,12]. Although the exact pathophysiological mechanisms underlying cognitive
dysfunction are not yet fully understood, alterations in the autonomic nervous system
and cerebral blood flow have been proposed as possible causes [13]. In addition, poor
sleep quality in ME/CFS has been shown to worsen mental and muscular fatigue, causing
intolerance to physical exercise and presenting clinically as myalgia and insufficient/poor
blood flow to the brain with additional disturbances in energy production [10].

Functional alterations of redox metabolism, gene expression, and mitochondrial
biomarkers in peripheral blood mononuclear cells (PBMC), aerobic oxidative metabolism,
decreased aerobic activity, and deconditioning after physical exercise have also been de-
scribed in ME/CFS [4,14]. High levels of pro-inflammatory cytokines, such as interleukin-1
(IL-1), tumor necrosis factor (TNF-α), and elastase, as well as high oxidative and nitrosative
stress, may have multiple effects; they can inhibit mitochondrial respiration, decrease
electron transport chain activity and change mitochondrial membrane potential, increase
the mitochondrial membrane permeability, and interfere with the ATP production, finally
leading to mitochondrial inactivation [15]. Along with morning fatigue, exercise intoler-
ance, and alterations in concentration and memory, sleep disturbances is a particular salient
feature of ME/CFS, in the form of unrefreshing sleep, insomnia, hypersomnia, presence of
nightmares and/or bad dreams, restless leg syndrome, and sleep apnea syndrome [16].

In addition, many individuals with ME/CFS report gastrointestinal complaints such
as irritable bowel syndrome (IBS), a common functional disorder of the gastrointestinal
tract, characterized by abdominal pain or discomfort and altered bowel habit. Although
the exact mechanism of the gut disturbances in ME/CFS needs to be explored further, the
high frequency of IBS diagnoses in ME/CFS patients suggests that impaired composition of
intestinal microbiota along with immune dysfunction and increased inflammation beyond
the gut may play a role in the onset and development of the illness [17]. The involvement
of a bidirectional link between the gut and the central nervous system (CNS) in ME/CFS,
known as the gut–brain axis, was supported by studies showing improvements of various
symptoms, including anxiety/depression, sleep quality, and neurocognitive impairments
after probiotic supplementation interventions [18,19]. Moreover, the dysbiosis of the
gut microbiome observed in ME/CFS was linked to the elevated levels of circulating
inflammatory mediators, possibly due to an increase in intestinal permeability that allowed
for bacterial translocation [20].

Studies investigating the role of short-chain fatty acids (SCFA) in ME/CFS patho-
genesis have suggested that SCFA deficiency, in particular butyrate-producing bacteria,
is associated with fatigue severity in these individuals [21], as well in other chronic co-
morbidity conditions, including IBS [22], cancer [23], multiple sclerosis [24], and type 1
diabetes [25]. In view of these early findings, enhancing butyrate production in the gut
may have a beneficial therapeutic effect in ME/CFS. One way to increase SCFA levels
is through the supplementation of prebiotics, in form of non-digestible polysaccharides
(NPS), which upon fermentation, can selectively stimulate the growth and/or activity
of anti-inflammatory bacteria in the gut [25]. Beta-glucan, an example of an NPS found
as glucose polymers in yeast, fungi, algae, and cereals, such as oats and barley, can pro-
mote the growth of probiotic bacteria and increase the production of SCFA, in particularly
butyrate [26,27].

Although many studies have investigated the health benefits of beta-glucan, includ-
ing the prevention and treatment of chronic gut inflammation and conditions related to
metabolic disturbances and neurodegeneration, its use in ME/CFS is still under inves-
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tigation [26,28,29]. Experimental pre-clinical studies using murine models have shown
that beta-glucan supplementation can reduce microbial translocation, restore immune
homeostasis, and decrease fatigue [30]; these early findings are now under investigation
in clinical trials (https://clinicaltrials.gov, accessed on 11 May 2023; NCT05726435 and
NCT05524688). The accompanying synergistic improvements in terms of blood pressure,
decreased confusion, and improved mood can also help to reduce perceived fatigue [30,31].

Furthermore, by promoting the activity of the desired intestinal microbiota and limit-
ing the growth of pathogens, beta-glucan can play an important role in maintaining proper
gut function and thus prevent chronic inflammation. For example, the use of a yeast-
derived beta-glucan was effective in reducing hyperpermeability in ileal specimens from
patients with Crohn’s disease [32], and it also reduced chronic abdominal pain associated
with altered bowel habits in an experimental IBS murine model [33]. Similar improvements
in bloating, flatulence, and abdominal pain were also observed in a clinical intervention
with a mixture of beta-glucan, inositol, and digestive enzymes in IBS patients [34]. This
finding may be of particular importance in ME/CFS, as the gastrointestinal issues fre-
quently reported by these patients are often associated with psychological distress and
increased release of corticotrophin-releasing hormone, which is known to be involved
in the stimulation the hypothalamic–pituitary–adrenal (HPA) axis and is associated with
major depression and IBS [35,36].

Thus, beta-glucan supplementation is associated with numerous health benefits in-
cluding improved gut health, enhanced immune function, and reduced fatigue, and may
provide a potential therapeutic advantage for ME/CFS. The present randomized placebo-
controlled trial aimed to assess the effect of ImmunoVita®, a dietary supplement composed
of yeast-derived beta-glucan combined with vitamin D3, vitamin B6, and zinc on fatigue,
sleep problems, anxiety/depression, and health-related quality of life in ME/CFS.

2. Materials and Methods
2.1. Participants

This study was conducted in 67 Caucasian ME/CFS patients consecutively recruited
from a single outpatient tertiary referral center (ME/CFS Clinical Unit, Vall d’Hebron
University Hospital, Barcelona, Spain) from September 2021 to December 2022. Figure 1
shows a flowchart of the participants prior to analysis. Patients were potentially eligible for
the study if they were female, aged 18 years or older, and had a confirmed diagnosis of
ME/CFS according to the 1994 CDC/Fukuda case definition [37].

Exclusion criteria comprised participation in another intervention within 30 days prior
to study inclusion; inability (in the opinion of the investigator) to follow the instructions
or to complete the treatment satisfactorily; failure to provide signed informed consent;
consumption of certain drugs/supplements that might influence outcome measures in the
last 90 days or whose withdrawal might be a relevant problem, anticoagulant treatment,
pregnancy or breast-feeding, smoking, alcohol intake or substance abuse, BMI ≥ 25 kg/m2,
and hypersensitivity to any of the components of treatments. Patients with missing data
from the follow-up visits were considered to have dropped out. The participants signed an
informed consent form prior to the study.

2.2. Intervention Protocol

Of the 67 eligible ME/CFS participants screened, two were excluded. The remaining
65 participants were allocated to treatment by an independent investigator not otherwise
involved in the intervention, using a list of random numbers generated by a computer
program. The participants were randomly assigned in a double-blind fashion in a 1:1 ratio
to receive either active treatment (n = 35) or a matching placebo (n = 30) in the form of
four capsules daily for nine months. They were instructed to ingest the capsules on an
empty stomach, 30 minutes before breakfast and dinner, only with water. The intervention
comprised the intake of a food supplement containing beta-glucan, vitamin D3, vitamin
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B6, and zinc. The placebo group received the same food supplement containing only
microcrystalline cellulose instead of active ingredients.

tt

ff

Figure 1. Consolidated Standards of Reporting Trials (CONSORT) flow diagram illustrating the steps
of screening, enrollment, assignment, and follow-up of the study participants.

Safety information recorded at all study visits included data on adverse events, vital
signs, and the results of the general physical examination. Adverse events, including
serious ones, were reviewed throughout the trial by the independent medical monitor, the
steering committee, and the independent data and safety monitoring board. Provision was
made for investigator-initiated temporary or permanent dose reductions or suspensions
due to adverse effects.

During the study, nine subjects dropped out due to adverse events, specifically five
in the intervention group (three epigastralgias, one dizziness, and one outbreak of the
disease) and four in the placebo group (one epigastralgia, one tremor, and two anxiety
episodes). Four patients were lost to follow-up (one in the intervention group and three in
the placebo group). Finally, one patient in the placebo group was withdrawn at her own
request. The remaining 51 cases of ME/CFS (78%, 22 in the placebo group and 29 in the
intervention group) completed all the study protocol procedures and were included in the
overall analysis of outcome measures as displayed in Figure 1.

2.3. Testing of Dietary Supplements

Patients randomized to the intervention’s experimental group received a daily dose of
four capsules composed of 250 mg beta-glucan, 3.75 µg vitamin D3, 1.05 mg vitamin B6, and
7.5 mg zinc, plus microcrystalline cellulose and plant capsule as excipients. The placebo
composition was the same capsule with microcrystalline cellulose without any active ingre-
dients. The treatments were identical in terms of size, color, opacity, shape, presentation,
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and packaging. All capsules were manufactured and donated by Vitae Health Innovation
S.L. (Montmeló, Barcelona, Spain). The study pharmacist recorded all treatments supplied
on the medication-dispensing forms along with their original prescription.

2.4. Study Design and Procedures

The trial was a 36-week long, single-center, randomized, double-blind, placebo-
controlled study. Clinical visits and trial design of both groups are detailed in Figure 2. After
an oral explanation of the study, all participants provided their written consent prior to the
commencement of the study, and they received no compensation for their participation.

tt

tt

tt

Figure 2. Summary of the study schedule at each visit during the clinical trial.

Patients were evaluated at baseline, at a 16-week follow-up (safety) visit, and then
at a 36-week visit by the site investigator. Changes in symptoms were assessed through
validated self-report questionnaires completed by participants under the supervision of
two trained investigators (J.C.-M. and J.A.). Compliance was checked through medication
logs. The use of concomitant medications was tracked at the 36-week visit. The study
protocol was reviewed and approved by the local IRB at the participating site (Clinical
Research Ethics Committee, Vall d’Hebron University Hospital, Barcelona, Spain, under
protocol reference InmunoVitaME-PR(AG)-447-2019, approved on 28 February 2019).

The study protocol was conducted in accordance with the guidelines of the Declaration
of Helsinki, the current Spanish regulations on clinical research, and the standards of good
clinical practice of the European Union. It also followed the Consolidated Standards
of Reporting Trials (CONSORT) guidelines. The current clinical trial was registered on
https://clinicaltrials.gov as NCT04301609.

2.5. Primary Endpoint
Fatigue Perception

The primary endpoint was the change in self-reported fatigue perception assessed
by using the validated Fatigue Impact Scale (FIS-40) questionnaire from the baseline to
the final (week 36) study visit. Briefly, the FIS-40 comprises 40 items divided into three
domains that describe how perceived fatigue impacts on cognitive (10 items), physical
(10 items), and psychosocial functioning (20 items) over the previous four weeks. Each item
is scored from 0 (no fatigue) to 4 (severe fatigue). The total score is calculated by adding
together responses from the 40 questions (score range 0–160). Higher scores indicate more
functional limitations due to severe fatigue [38].

2.6. Secondary Endpoints

The secondary outcome measures included changes in sleep disturbance, anxiety/
depression symptoms, and health-related quality of life (HRQoL) on the validated self-
reported questionnaires.

2.6.1. Sleep Quality

Sleep quality was assessed using the self-administered 19-item Pittsburgh Sleep Qual-
ity Index (PSQI) questionnaire. Scores are obtained on each of seven domains of sleep
quality: subjective sleep quality, sleep latency, sleep duration, habitual sleep efficiency,
sleep perturbations, use of sleeping medication, and daytime dysfunction. Each component
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is scored from 0 to 3 (0 = no sleep problems and 3 = severe sleep problems). The global
PSQI score ranges from 0 to 21 points, with scores of >5 indicating poorer sleep quality [39].

2.6.2. Anxiety and Depression

Severity of anxiety/depression symptoms was assessed using the Hospital Anxiety
and Depression Scale (HADS), a validated self-reported tool composed of 14 items (seven
related to anxiety symptoms and seven to depression). Each item on the HADS question-
naire is scored from 0–3, and so scores range from 0 to 21; scores of 0–7 are interpreted
as normal, 8–10 as mild, 11–14 as moderate, and 15–21 as severe for either anxiety or
depression. The total HADS score ranges from 0 (no anxiety or depression) to 42 (severe
anxiety and depression) [40].

2.6.3. Health-Related Quality of Life

The 36-item Short Form Health Survey (SF-36) was used to assess HRQoL. The SF-36
is a broadly based self-reported survey of health-related physical and mental functioning
statuses. It assesses functioning on eight subscales including domains of physical func-
tioning, physical role, bodily pain, general health, social functioning, vitality, emotional
role, and mental health, and two general subscales covering the physical and mental health
domains rated on a scale from 0–100. Lower scores indicate a more negative impact on
health and daily functioning [41].

2.7. Sample Size Estimation and Power Analysis

This trial was the first exploratory, population-based proof-of-concept study in people
with ME/CFS. Sixty participants were enrolled with 30 patients being randomly allocated
to each arm.

2.8. Compliance Monitoring and Adverse Events

All participants were asked to return any remaining study products after the inter-
vention. Adherence was measured by calculating all remaining capsules for all patients,
including withdrawals. Participants who did not take the supplement for more than two
days (either consecutive or non-consecutive) were considered non-compliant (n = 0). All
adverse events following administration and intake of the study product were monitored
until the end of the study.

2.9. Statistical Analysis

A total of 51 patients were analyzed, divided into two groups: active (n = 29) and
placebo (n = 22). The variables were evaluated (1) at different times (questionnaire domains)
and (2) at the time of inclusion (demographic and clinical characteristics). For the purpose
of questionnaire analysis, a total of 23 numerical values corresponding to subscales of
the FIS-40, PSQI, HADS, and SF-36 outcome measures were used. For each one, two
samples collected at different times were analyzed, as shown in the CONSORT chart. For
variables describing demographic and clinical characteristics, such as age, BMI, heart rate,
and medication use, a total of four numerical and five dichotomous variables obtained at
baseline were analyzed. The normality of the data was evaluated for all numerical variables
using the Shapiro–Wilk test, and the statistical value W was calculated using the appropriate
formula. For all cases, results were considered significant for an alpha value = 0.05, and
the p-value was reported with four digits or as indicated if the value was less than 0.001.
All statistical analyses were performed using Python package Pingouin (version 0.5.2) for
Windows (University of California, Berkeley, CA, USA).

W =
(∑n

i=1 ai xi)
2

∑n
i=1 (xi − x)2
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2.9.1. Independent Sample Analysis

The normality of independent samples was analyzed using the Welch–Satterthwaite
equation, an approximation of the adjusted degrees of freedom, since the sizes were
assumed to be unequal. The formula used was as follows (Delacre, Lakens, and Leys, n.d.):

v =

(
s2

x
nx

+
s2

y
ny

)2

(
s2
x

nx

)2

(nx−1) +

(
s2
y

ny

)2

(ny−1)

The Mann–Whitney U test, a nonparametric test of the null hypothesis in which a
value chosen at random from a sample is equally likely to be less than or greater than
a random value, was analyzed. A brute force version of the formula from Vargha and
Delaney, 2000, was used. For all cases, results were considered significant for an alpha
value = 0.05, and the p-value was reported with four digits or as indicated if the value was
less than 0.001.

2.9.2. Paired Data Analysis

To analyze paired samples of questionnaires whose values were collected at different
times, the paired sample t-test was used to assess the data normality. If data were non-
normal, the Wilcoxon signed-rank test was applied.

2.9.3. Categorical Data Analysis

To evaluate the balance of the samples of the two groups, the Chi-squared test of
independence was used consisting of a 2 × 2 contingency table, since the variables were
dichotomous and the degrees of freedom were 1 in all cases. For all cases, results were
considered significant for an alpha value = 0.05, and the p-value was reported with four
digits or as indicated if the value was less than 0.001.

3. Results
3.1. Participants’ Characteristics

The baseline demographic and clinical features of the participants are displayed in
Table 1. In this study, there was no statistically significant differences in participants’
demographic and clinical data during the intervention (Table 1). The mean (SD) age of
patients was 52.90 (6.47) in the intervention arm and 52.5 (7.48) in the placebo. All partici-
pants had a normal BMI with means of 23.58 (3.15) and 22.95 (2.83), for intervention and
placebo, respectively. All received medications comprised anticonvulsants, antidepressants,
anxiolytics, analgesics, and NSAIDs.

Table 1. Baseline demographic and clinical features for each arm of the study participants.

Variables Active
(n = 29)

Placebo
(n = 22) p-Values

Age (years) 52.90 ± 6.47 52.50 ± 7.48 0.90
BMI (kg/m2) 23.58 ± 3.15 22.95 ± 2.83 0.39
Heart rate (bpm) 75.27 ± 11.69 74.50 ± 7.71 1.00
Concomitant drugs
Anticonvulsants 9 6 0.98
Antidepressants 24 16 0.60
Anxiolytics 19 14 0.87
Analgesics 21 13 0.48
NSAIDs 6 5 0.86

Data are expressed as means ± standard deviation (SD) for continuous variables. In both cases, the non-parametric
Mann–Whitney U test was used because the samples were not normally distributed. No significant differences
were observed in either case, confirming that both samples were derived from the same population. The Chi-
squared test of independence was performed with one degree of freedom, and no significant differences in the
proportions were observed, so no variable was considered to exert a different influence depending on the group.
Abbreviations: BMI, body mass index; NSAIDs, non-steroidal anti-inflammatory drugs.
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3.2. Changes in Fatigue Perception

Cognitive fatigue (Table 2), as indicated by the change in the cognitive domain,
improved significantly from the baseline at the 36-week visit in the intervention group
(p = 0.0338). The FIS-40 domain scores evolved in parallel between groups over the course
of the study. The actual percentage difference was 5.7%, so the improvement effect could
be due to the patient-self-reported interindividual variability and/or synergic effects of
beta-glucans plus multivitamins among other potential effects (Figure 3).

Table 2. Changes in the fatigue severity assessed with the FIS-40 score from the baseline to the final
assessment (at week 36) in the study participants.

FIS-40 Domains Baseline 36-Weeks p-Values 1

Active arm (n = 29)
Cognitive 33.31 ± 7.03 31.45 ± 9.76 0.0338 *

Psychosocial 61.79 ± 14.59 60.45 ± 16.92 0.3681
Physical functioning 34.52 ± 5.20 33.28 ± 6.78 0.0725

Total FIS-40 score 129.62 ± 25.37 125.17 ± 31.43 0.1070

Placebo (n = 22)
Cognitive 33.82 ± 5.42 32.73 ± 5.76 0.3725

Psychosocial 64.14 ± 11.79 59.45 ± 12.92 0.1398
Physical functioning 33.73 ± 5.90 32.32 ± 6.95 0.1313

Total FIS-40 score 131.68 ± 21.16 124.50 ± 23.83 0.1375

Data are expressed as means ± SD. 1 The statistical significance of the paired data is analyzed. Statistical
significance was set at * p < 0.05. The cognitive domain in the active arm presented a slight difference (5.7%
from the baseline). Depending on the normality of the data, the test of independence of parametric (t-test) or
non-parametric (Wilcoxon) paired data was used. There were no significant differences between the groups at
baseline. Intervention group was compared with the baseline. Abbreviations: FIS-40, 40-item fatigue impact scale.
Lower scores indicate an improvement in fatigue perception. 1 p-value for intergroup analysis.

3.3. Changes in Sleep Quality, Anxiety/Depression, and Health-Related Quality of Life
3.3.1. Sleep Quality Assessment

The changes observed in the sleep quality between study groups from the baseline
to the final assessment are displayed in Table 3. The intervention with dietary supple-
ments significantly improved daytime dysfunction at the 36-week visit in the active group
(p = 0.0131 with respect to the baseline) compared to the placebo group. The other PSQI
domain scores of the two groups evolved in parallel over the course of the study.

Table 3. Changes in sleep quality assessed using the PSQI questionnaire from the baseline to the final
assessment (week 36).

PSQI Domains Baseline 36 Weeks p-Values 1

Active arm (n = 29)
Subjective sleep quality 2.14 ± 0.88 2.17 ± 0.89 0.7389

Sleep latency 2.07 ± 1.03 2.14 ± 1.16 0.5271
Sleep duration 1.69 ± 1.00 1.62 ± 0.98 0.4795

Habitual sleep efficiency 1.93 ± 1.33 1.83 ± 1.20 0.5728
Sleep disturbances 2.10 ± 0.72 2.21 ± 0.73 0.1797

Use of sleeping medication 2.07 ± 1.31 2.00 ± 1.39 0.6256
Daytime dysfunction * 2.31 ± 0.89 2.28 ± 0.75 0.7963

Overall PSQI score 14.31 ± 4.91 14.24 ± 4.93 0.8845
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Table 3. Cont.

PSQI Domains Baseline 36 Weeks p-Values 1

Placebo (n = 22)
Subjective sleep quality 2.05 ± 0.84 1.68 ± 0.99 0.0588

Sleep latency 2.32 ± 0.78 2.18 ± 0.85 0.3173
Sleep duration 1.41 ± 1.05 1.36 ± 1.09 0.7630

Habitual sleep efficiency 1.77 ± 1.31 1.59 ± 1.40 0.2575
Sleep disturbances 2.09 ± 0.53 1.95 ± 0.58 0.2568

Use of sleeping medication 1.95 ± 1.36 2.14 ± 1.17 0.3795
Daytime dysfunction * 1.59 ± 0.73 1.73 ± 0.83 0.4386

Overall PSQI score 13.18 ± 3.85 12.64 ± 4.70 0.4567

Data are expressed as means ± SD. 1 The statistical significance of the paired data is analyzed. Depending on
the normality of the samples, parametric (t-test) or non-parametric (Wilcoxon) tests for paired data were used.
Baseline data showed no significant differences between the groups, indicating that there was no bias at the
baseline between the two groups, (*) except in daytime dysfunction, in which significant differences were found
using the Mann–Whitney U test for independence with a p-value of 0.0015; therefore, this variable should not be
considered.

ff ff

tt

Figure 3. Dot plot of individual paired data of the cognitive fatigue domain (assessed using FIS-40)
with significant differences. The differences between the values of the cognitive subscale domain are
shown. Each point represents the score of each patient. Bars depict group medians. Lines indicate that
cognitive scores belong to the same patient. Green lines depict a decrease in the perceived cognitive
fatigue score (better cognitive function), and the red lines indicate an increase in the perceived
cognitive fatigue score (poor cognitive function) from the baseline as quantified on the Y axis.

3.3.2. Anxiety and Depression

As shown in Table 4, the anxiety and depression symptoms did not present statistical
differences between groups over the course of the study.
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Table 4. Changes in the anxiety/depression symptoms assessed through the HADS questionnaire
from the baseline to the final assessment (at week 36).

FIS-40 Domains Baseline 36-Weeks p-Values 1

Active arm (n = 29)
Anxiety 12.86 ± 5.05 12.76 ± 4.70 0.7940

Depression 11.86 ± 5.11 11.86 ± 5.59 0.5354
Total HADS 24.72 ± 9.60 24.62 ± 9.67 0.6716

Placebo (n = 22)
Anxiety 11.82 ± 4.55 11.00 ± 4.65 0.1821

Depression 11.59 ± 4.07 10.68 ± 3.98 0.1218
Total HADS 23.41 ± 8.19 21.68 ± 8.20 0.1890

Data are expressed as means ± SD. 1 The statistical significance of the paired data is analyzed. Depending on
the normality of the samples, parametric (t-test) or non-parametric (Wilcoxon) tests for paired data were used.
Baseline data showed no significant differences between the groups, indicating that there was no bias at the
baseline between the two groups.

3.3.3. Health-Related Quality of Life

As display in Table 5, social role functioning improved significantly at the 36-week
visit compared to the baseline in the placebo group (p = 0.0131). The SF-36 domain scores
evolved in parallel between groups over the course of the study.

Table 5. Changes in the health-related quality of life evaluated using the SF-36 questionnaire from
the baseline to the final assessment (at week 36).

SF-36 Domains Baseline 36-Weeks p-Values 1

Active arm (n = 29)
Physical functioning 38.45 ± 20.49 40.17 ± 22.50 0.8178

Physical role functioning 6.03 ± 16.66 10.34 ± 20.61 0.2020
Bodily pain 15.93 ± 15.58 20.90 ± 18.68 0.1468

General health perception 22.76 ± 14.18 21.90 ± 13.19 0.5683
Vitality 12.24 ± 13.53 16.55 ± 15.93 0.0526

Social role functioning 32.33 ± 26.63 36.64 ± 25.65 0.3344
Emotional role functioning 34.48 ± 46.70 28.74 ± 43.39 0.1695

Mental health status 38.21 ± 21.18 42.07 ± 22.69 0.1393

Placebo (n = 22)
Physical functioning 39.32 ± 21.17 38.18 ± 20.21 0.9243

Physical role functioning 1.14 ± 5.33 4.55 ± 16.61 0.3287
Bodily pain 20.14 ± 19.22 23.73 ± 15.33 0.1089

General health perception 25.32 ± 14.49 27.36 ± 17.57 0.3225
Vitality 17.27 ± 16.24 15.23 ± 12.77 0.5847

Social role functioning 30.68 ± 20.68 42.05 ± 22.34 0.0131 *
Emotional role functioning 33.33 ± 44.84 37.88 ± 45.19 0.4797

Mental health status 38.73 ± 23.11 44.73 ± 20.01 0.1918

Data are expressed as means ± SD. 1 The statistical significance of the paired data is analyzed. (*) Social role
functioning in the placebo group presented a significant difference. Depending on the normality of the samples,
parametric (t-test) or non-parametric (Wilcoxon) tests for paired data were used. Baseline data were analyzed
between the two groups, indicating that there was no bias at the baseline between the two groups.

3.4. Clinical Safety and Intervention Tolerability

No relevant treatment-related adverse events were recorded in the study population.
The intervention with dietary supplement containing yeast-derived beta-glucans + vita-
min D3 + vitamin B6 + zinc over the period of 9 months was safe and well tolerated by
the patients.

4. Discussion

Emerging evidence linking alterations in the gut microbiota composition with the
clinical symptoms reported by ME/CFS patients suggests a potential therapeutic role
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for microbiome-targeted interventions, such as prebiotic supplementation. By restoring
intestinal homeostasis, this approach may help alleviate sufferers’ health complaints and
improve their quality of life. Therefore, to investigate the advantages of the proposed
intervention, this clinical trial was designed to evaluate the effect of a food supplement
ImmunoVita®, containing yeast-derived beta-glucan, combined with vitamin D3, vitamin
B6, and zinc, on fatigue, sleep problems, anxiety/depression, and overall quality of life in
ME/CFS patients.

In this study, beta-glucan supplements were administered to individuals with ME/CFS
over a prolonged time period (36 weeks). A slight reduction in cognitive fatigue symptoms
was reported along with an improvement in self-reported HR-QoL in the active arm
of the study participants. Another controlled study assessing the effects of beta-glucan
supplementation in ME/CFS patients over a 12-week period showed a significant reduction
in patients’ self-perceived fatigue and an improvement in their immune function compared
to the placebo group [42].

The main findings of this study provide early evidence that administration of beta-
glucan may influence certain neurocognitive outcomes related to perceived fatigue in
ME/CFS patients after 36 months’ treatment. The outcomes are consistent with the grow-
ing body of evidence supporting the presence of a two-way hormonal and neural signaling
pathway between the gut microbiome–brain axis and its ability to influence metabolism,
behavior, and neurocognitive functions through the production of microbial by-products
exerting various local and systemic effects on gut hormones, oxidative stress, and inflam-
mation in ME/CFS [21,43–45]. The gut–brain axis is considered to be a key regulator of
cognitive function. In the present study, we demonstrated beneficial effects of beta-glucan
supplementation on cognitive fatigue in ME/CFS and presented the first evidence of
36 weeks of beta-glucan supplementation improving cognitive impairment, assessed using
FIS-40 measures.

Cognitive fatigue became less severe after the 36-week treatment with beta-glucan, as
did exhaustion, but the differences with respect to placebo were not significant. The lack
of cognitive energy was less severe in the active group compared to the baseline. These
results are in line with pre-clinical studies showing that beta-glucan attenuates cognitive
impairment via the gut–brain axis in diet-induced obese mice [46–48]. Experimental studies
using murine models have shown that beta-glucan treatment can exert significant anti-
fatigue effects, as demonstrated by the increased exhaustive swimming time in mice during
the forced swimming test [30]. These benefits were attributed to the potential beneficial
effects of beta-glucan on energy metabolism and oxidative stress, demonstrated in the
form of reduced levels of exercise fatigue and injury-related blood biomarkers, including
lactate, blood urea nitrogen (BUN), creatinine kinase (CK), alanine transaminase (ALT), and
aspartate transaminase (AST), reduced serum glucose, and improvements in the response
to exercise-induced oxidative stress [30].

Evidence from human trials has shown that increasing prebiotic fiber intake can in-
fluence perceived fatigue. For example, consuming cereals high in wheat fiber for two
weeks reduced fatigue compared to the control in healthy adults [49], whereas a 13-week
long supplementation with a prebiotic containing inulin and fru-oligosaccharides reduced
exhaustion in elderly subjects when compared to the control [50]. In healthy adults, sup-
plementation with oats (1 g), providing 1.9 g of dietary fiber as beta-glucan, significantly
decreased the occurrence of exhaustion and fatigue compared with the baseline (p < 0.05).
Interestingly, individuals who received beta-glucan had less severe headaches and lower
perception of cold than controls. In addition, changes in inflammatory markers, C-reactive-
protein (CRP), and oxidized-LDL with gastrointestinal symptom severity were associated
with the occurrence and severity of several non-GI symptoms [51]. Furthermore, the results
of a phase I/II clinical trial conducted in patients with advanced malignancies receiv-
ing chemotherapy indicated that beta-(1,3)-(1,6)-D-glucan administered as an adjunctive
therapy may improve white blood cells and platelet counts, and may also raise levels of
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hemoglobin, which in up to 40% of patients reduces the feeling of fatigue compared with
the period before the supplementation [52].

Fatigue is associated with a lack of sleep, an association that may be mediated by
increased inflammation [53]. To date, the therapeutic effects of beta-glucans in ME/CFS
have not been assessed. Beta-glucans are naturally occurring polysaccharides found in
the cell walls of fungi, algae, bacteria, and some cereals. It has been suggested that they
may have immunomodulatory and anti-inflammatory effects, which could be beneficial
for ME/CFS. Some preliminary studies have shown improvements in ME/CFS patients’
perception of fatigue after beta-glucan administration [54].

In relation to sleep disturbances and anxiety/depression, there is limited evidence on
the effects of beta-glucan on these symptoms in ME/CFS. Some studies have suggested
that beta-glucan may have anxiolytic and antidepressant properties, but further research
is required to support these claims and to determine its efficacy in this situation [55]. In a
recent study assessing the effects of beta-glucan administration on mental health and HPA
axis, reactivity was assessed in ME/CFS, and this approach improved anxiety/depression
and HPA axis function [56]. In another study, apparently healthy adults who regularly
consume an oats-based supplement containing 1.9 g of dietary fiber like beta-glucan had
significantly fewer feelings of anxiety/depression [30].

Another preliminary study found that beta-glucan administration improved mood
and vitality among HR-QoL measures in ME/CFS [51]. Overall, while there are some
preliminary research studies suggesting possible potential benefits of beta-glucan admin-
istration on fatigue, mental health, and quality of life in ME/CFS, the current evidence
is limited, and more research is needed to fully evaluate its efficacy and understand the
pathophysiological mechanisms after beta-glucan administration in ME/CFS and other
chronic post-infectious conditions.

These previous studies suggest that beta-glucans have potential beneficial effects in
ME/CFS, including improving quality of life, reducing fatigue, decreasing anxiety/depression,
and modulating the immune response. However, research on this topic is still ongoing,
and more studies are needed to confirm and extend these findings, and also to determine
the different sources, functionality (viscosity, fermentability, solubility, etc.), optimal doses,
and duration of beta-glucan treatment that may affect physiological outcomes in ME/CFS.

The current results provide consistent evidence linking increased beta-glucan intake to
enhanced cognitive function in ME/CFS. The beneficial effect suggests that the relationship
between gut microbiota alteration and cognitive impairment may be causal. In addition
to highlighting the adverse impact of western diets on the gut–brain axis, the findings
of this study suggest that enhanced consumption of beta-glucan-rich foods is an easily
implementable nutritional strategy for attenuating the diet-induced cognitive decline in
ME/CFS patients [57].

Strengths and Limitations

This study has several strengths and some limitations that must be considered. To the
best of our knowledge, this trial is the first clinical evaluation of the effects of beta-glucan
supplementation with multivitamins (including vitamin D3, vitamin B6, and zinc) involved
in energy metabolism and immune function enhancement on ME/CFS patients’ perceptions
of their neurocognitive symptoms, fatigue, sleep quality, and anxiety/depression. It should
be noted that a cognition improvement found through percentage differences of 5.7%
in active arm is more likely to be due to a real treatment effect using beta-glucans plus
multivitamins among the participants. In addition, study participants were assessed
according to the ME/CFS case criteria based on the 1994 CDC/Fukuda definition, and a
potential gender bias was avoided by restricting the study to females.

The main limitation of this study was the relatively small sample size. In addition,
these participants were recruited from a single tertiary referral center, so the results cannot
be generalized to other ME/CFS populations. It should also be noted that the primary
endpoint, the perception of fatigue assessed with the FIS-40 questionnaire, was a self-
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reported parameter. Finally, the lack of statistical differences between groups may suggest
a placebo effect for microcrystalline cellulose and plant capsule.

In future studies, the doses and follow-up timing of the intervention should be pre-
established, so as to ensure appropriate monitoring beyond the intervention. In addition,
objective physiological and biological parameters should be used to evaluate beneficial
effects of beta-glucan in ME/CFS and other post-viral fatigue syndromes.

5. Conclusions and Future Directions

These findings provide hypothesis-generating evidence that beta-glucan may be bene-
ficial for several affective and physical states in ME/CFS. For example, its positive effect
on cognitive function and gut microbiome could be extended and applied in a disease
model of cognitive decline. Since information is lacking on the effects on non-GI symptoms
in ME/CFS of dietary fibers in general, and of beta-glucan in particular, these results
provide potentially useful data for the design of controlled studies required to confirm
these observations.

This study provides the first evidence that beta-glucan administration improves in-
dices of cognition function with major beneficial effects all along the gut microbiota–
immune–brain axis. Our data suggest that the consumption of 1 g of beta-glucan is an
easily implementable nutritional strategy for alleviating the detrimental features of gut–
brain dysregulation and for preventing cognitive decline in ME/CFS.
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Chapter 8

Discussion

8.1 The Complexity of ME/CFS

Academic interest in ME/CFS can be measured by analyzing indexed scientific publications. This is shown

in Figure 8.1. An analysis of the data obtained is shown to examine both the number of publications

and the scientific journals that publish them1. An application is provided that is configured using the

API (acronym for Application Programming Interface) to generate databases through statements that

define search configurations. In this case, I use the library that implements the API in Python. Following

the instructions, all publications from 1993 to 2023 with the keywords “Chronic Fatigue Syndrome” are

displayed.

The first conclusion is that there is a growing interest in MS/CFS research, especially in the last 10

years. However, we want to know which areas of publications would indicate a greater effort. For this,

a count by journals is performed, but in this case, the search is adjusted from 2015 to see recent trends.

It can be observed that journals with a general scope are the ones that group the most publications, but

also journals with a very different scope, such as the Journal of Psychosomatic Research, which is a

multidisciplinary research journal covering all aspects of psychology. But we also find the International

Journal of Molecular Sciences, which focuses on biochemistry, molecular and cell biology, molecular

biophysics, molecular medicine, and all aspects of molecular research in chemistry. We can also find

journals focused on the fields of rheumatology, pediatrics, and neurology in the list.

A review of the status of biomarkers has been shown in section 2.5.8, showing the difficulty of defining

any of them for diagnosing ME/CFS. The review concludes that further studies with much larger numbers

of samples are required to identify markers based on protein or genetic sequencing. The rest of the

biochemical analyses yield information on the presence of diseases compatible with ME/CFS, but no

discriminating marker has been found that can be used for the diagnosis of ME/CFS.
1Fuente para la obtención de datos: hppt://pubmed.ncbi.nlm.nih.gov
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Figure 8.1: Number of indexed publications on ME/CFS

The number of articles published in journals indexed in the National Library of Medicine is shown. The image

shows a steady increase in the number of publications, especially in the last 10 years.



Chapter 8 : Discussion 116

Table 8.1: List of scientific journals according to number of publications on ME/CFS

Journals n

Journal of translational medicine 106

PloS one 87

Journal of psychosomatic research 62

Journal of clinical medicine 60

Cureus 50

International journal of molecular sciences 48

Journal of health psychology 46

Scientific reports 43

Healthcare (Basel, Switzerland) 43

Frontiers in immunology 42

International journal of environmental research and public health 41

BMJ open 39

Frontiers in medicine 37

Frontiers in neurology 34

Medicina (Kaunas, Lithuania) 31

Clinical and experimental rheumatology 31

Fatigue : biomedicine, health & behavior 31

Diagnostics (Basel, Switzerland) 28

Medicine 28

Frontiers in pediatrics 27

From the above selection, the 20 scientific journals are shown in order in number of publications whose articles

deal with ME/CFS from 2015 to 2023. The characteristic of this list is the variability on the fields of interest.

As a journal specializing in ME/CFS, one could name Fatigue: Biomedicine, Health, and Behavior, an

international interdisciplinary journal addressing fatigue symptoms in specific medical diseases, behavioral

disorders, and environmental conditions. The journal also refers to articles on chronic fatigue syndrome,

fibromyalgia, and related diseases.

Diagnosis

Medical diagnosis is the process of evaluating medical conditions by analyzing symptoms, medical history,

and accepted test results. The goal is to determine the cause and effective treatment. Imaging tests such

as X-rays or MRIs, blood tests, or biopsy procedures for analysis in anatomic pathology are some of the

most common. The importance of data science as part of the diagnostic process has grown in recent

years. In particular, there has been a breakthrough in diagnostic imaging. The evolution of server power,

computer language specialization, and data availability have enabled continuous improvement of artificial

intelligence models [169].
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There have also been major advances in the use of data science to define biomarkers. Metabolomics is

the study of metabolites in the blood. It is less expensive than proteomics or genomics. Machine learning

facilitates clinical metabolomics because it analyzes large amounts of data efficiently. It is a key tool for

the classification and risk prediction of diseases such as cancer [170].

Genetic analysis of thousands of genes simultaneously is possible by using different algorithms for gene

expression analysis using RNA sequencing and DNA microarray data for cancer detection. Advances in

machines and computer languages have made it possible to develop in various fields such as cancer. This

allows a disease to be classified by genetic analysis of a patient and effective therapy to be administered

based not only on the disease itself but also on the patient’s genetic profile [171].

In the case of ME/CFS, the patient will experience a variety of complaints and will receive an initial

visit to a primary care physician where treatments to alleviate the symptoms will be evaluated. A longer-

term follow-up visit may lead to consideration of other illnesses or a referral for a hospital consultation

if the symptoms do not go away. Diagnosing ME/CFS is neither quick nor intuitive and depends largely

on the sensitivity and knowledge of the physicians consulted. In addition, it can take many years of

identification and consensus among the consulted medical team before ME/CFS is defined, which is itself

an anomaly. Thus, the patient with ME/CFS faces a first complex difficulty: being diagnosed within a

reasonable period of time under the criteria accepted by the specialized scientific community.

Treatment

There are no specific and effective treatments to cure ME/CFS. The lack of knowledge about the mecha-

nism of action that causes the syndrome makes the development of a drug very complicated. The physician

may perceive a lack of urgency in diagnosis and follow-up because there is no accepted treatment with a

specific indication for ME/CFS.

Follow-up

It requires a specialized unit with different specialists covering the ME/CFS symptomatology. The lack

of such a unit makes monitoring and treating symptoms difficult. Report evaluation must be carried out

by multidisciplinary teams. These teams should include specialists in different fields, such as internal

medicine, psychology, rehabilitation, biochemical analysis, and data science.

8.2 Relating Questionnaires to Objective Variables

In a specialized unit, evaluating the patient’s medical history is essential in the multidisciplinary assess-

ment of the patient’s current condition. However, it is the specific questionnaires that determine the

degree of symptomatology. The answers to these questionnaires are given by the patients themselves. In

this sense, using objective tests is crucial in assessing the patient’s state of health. The key to contex-
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tualizing the information in the medical history is the interpretation of the results of the scales of these

questionnaires.

In this research, the answers to the questionnaires are precisely related to objective tests. Exercise

tests are performed to assess the severity of the physical condition. Ergometric tests to determine exercise

intolerance must be performed on these patients by a highly specialized professional, and the physical

functional capacity and ability to perform a programmed and individualized physical exercise program

must be determined by an experienced specialist.

The publication model defined in 6.1.1 allows for screening patients with ME/CFS and identifying

those at risk of a critical outcome in hospital stress tests [172].

8.3 Contextualizing ME/SFC Research

Present and future perspectives on biomarker research.

In section 2.5.8 It has analyzed the open lines of research and the contributions made so far. The

strategy that has mainly been followed is the comparison of biological samples from patients diagnosed

with ME/CFS and healthy patients using different machine-learning techniques. These bioinformatics

techniques resolve that ME/CFS patients show differences in certain symptoms.

A review of 101 scientific articles searched using the keywords “biomarker” and “ME/CFS” [70] showed

that half of the publications focused on genetic, epigenetic, and immunological studies. The rest were

mostly distributed in metabolomic and endo-vascular studies. Eighty percent were based on blood tests

and the biomarkers did not have primary selectivity (which is the ability of the biomarker to identify a

disease- causing agent).

It is concluded that MS/CFS research needs to reduce heterogeneity, require multidisciplinary research

and unify biomarker research protocols.

Treatment perspectives now and in the future

A recent review [173] There has been an analysis of randomized clinical trials on the efficacy of

treatments for ME/CFS. Again, we find heterogeneity in the designs. Argentina is the only country to

have approval for a treatment for MS/CFS under the trade name Ampligen (rintatolimod), which was

denied by the FDA in 2009 and 20132.

Clinical trials focus on immune modulators, redox modulators and mitochondrial dysfunction, as well

as circadian rhythm and intestinal microbiota modulators for mitochondrial dysfunction, antioxidants,

probiotics, and neurological or neuroendocrine diseases. Self-administered and validated questionnaires

are commonly used to measure primary outcomes. The SF-36 was found to be the most commonly used

questionnaire in an analysis of 540 publications [174].
2Source: https://www.fda.gov/media/131114/download, – consulted on 8/6/2024 –
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Objective tests, such as maximal oxygen consumption in ergometry, have been used in clinical trials

to demonstrate the efficacy of rintatolimod. [175].

8.4 Limitations

As indicated in the publications provided in this thesis by compendium, the studies’ limitations are

centered on the uniqueness of the research center. The studies’ database comes from the specialized unit

of the Hospital Vall d’Hebron in Barcelona.

8.4.1 Results in another research unit

It is appropriate to point out that, at the time of writing, the study:

“Confirmatory clinical trial on unsupervised cluster analysis reveals distinct subtypes of ME/CFS

patients based on peak oxygen consumption and SF-36 score”

It is under review in a scientific journal. A validation study in another research center shows that

the classification algorithm produces results similar to those of the publication referred to in point 6.1.1.

These results are considered relevant to the use of the application referred to in Section 1.5.

8.5 Conclusions

Myalgic encephalomyelitis or chronic fatigue syndrome (ME/CFS) is a chronic, debilitating and multi-

faceted clinical entity. The heterogeneous onset and clinical presentation with additional comorbidities

makes diagnosis difficult due to the lack of available tests and biomarkers. Current treatment guidelines

focus on symptom management without addressing the causal mechanism. There is an urgent need for

robust clinical trials to identify effective treatments. A limiting element is the lack of objective mea-

sures of efficacy, which are currently based on validated, self-administered questionnaires answered by

the patient.

One of the most important conclusions is the need to use objective measures. This research provides

2 biomarkers that can be used for this purpose: the peak oxygen consumption in the exercise test and

the result of the CPT3 test for the measurement of cognitive impairment.

Oxygen consumption in the stress test

Publication 6.1.1 shows that the measurement of peak oxygen consumption in the exercise test de-

termines the patient’s physical status with ME/CFS. In addition, screening can be performed using an

artificial intelligence-based model that predicts which patients require exercise testing due to a limiting

physical condition.
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The CPT3 test for the detection of cognitive impairment.

It is demonstrated in publication 6.1.4 that the use of the CPT3 test measures the cognitive impairment

of the MS/CFS patient and may be a measure of treatment efficacy in future clinical trials.

Knowledge transfer

An application that offers a multidisciplinary analysis and predicts the physical risk of a patient with

ME/CFS is designed by requiring the answers to the SF-36 questionnaire as input data. This application

not only favors the early detection of physical deterioration and the suggestion of referral to a specialized

unit but would also favor, on the one hand, the early stratification of the severity of fatigue and, on the

other hand, the individualized design of an individualized physical exercise program by a specialist.
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