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1 Introduction

1.1 General overview

The need to combat chronic non-communicable disedBKCDs) is clearly
undisputable, forcing high-income countries to depemeasures to overcome this
challenge, a challenge placed in the focus of naggejoint initiatives and international
policies including the “Global action plan for thprevention and control of
noncommunicable diseases 2013-2020". Unhealthy kiggmful consumption of alcohol,
tobacco use and physical inactivity are considastundamental risk factors for chronic
NCDs, e.g. diabetes mellitus, cancer, cardiovasdikeases, and chronic inflammatory
lung disease, primarily sources of premature dglatbally, according to the World Health
Organization (WHO). Nevertheless, instead of vigpntimese elements as risk factors, each
may be conceptualized as risk behaviors, a pemepinderscored by the contemporary
finding that behavioral modifications resultinggarmanent change of lifestyle are among
the most efficacious methods for preventing andirwalthe progression of major non-
communicable diseases.

A common denominator for behavioral change is nad&ist behavior governed by
reinforcement learning. Based on these considergtimasic understanding of the neuronal
circuitry underlying behavioral change and its attwe/paracrine/endocrine modulators is
obligatory for developing novel diagnostic markansl identification of therapeutic targets.

Reinforcement learning is a concept underlying frof associative learning
governed by the use of a scalar reward signal, ie&iming taking place if expectations are
violated. Stemming from computational accounts,rthieforcement learning paradigm is
conceptualized as learning performed by an agegt (lee individual) that is interacting
with its environment (referred to as a set ‘stgfemh environment that is unknown and
uncontrolled by said agent. Reinforcement learmwogks by utilizing Pavlovian learning
to link states and rewards by learning the contmegeof neutral state-related stimuli and
stimuli predictive of reward, and instrumental lg@ag to optimize action selection in order
to maximize the reward obtained long run. Dependimgthe agent's approach both
accounts can be addressed with or without usingagfemt’'s model of the environment.
Accordingly, there are two alternate ways to adslreminforcement learning related



paradigms: the model-free and the model-based appes, based on whether the agent
attempts to build a model of the external and makenvironment or not. A set of distinct
neuronal structures have been linked to model-tted model-based reinforcement
learning, with the hippocampus, amygdala and oirfoitdal cortex (OFC) being linked to
model-based and the mesencephalic dopaminergiomelneing associated with model-
free learning.

Additional to the significant role of the neuroairity of behavioral change,
elucidation of its modulation by humoral factorslso important. One influential factor is
brain derived neurotrophic factor (BDNF), a neuptriin that has a substantial role
regarding the plasticity of the CNS, modulates agansmitter, especially serotonin and
dopamine release. Hence, decrease of BDNF levetsaftynaptic strength, as BDNF
induces long-term potentiation, an integral procéss reinforcement-learning, thus
consequently influences the process of behaviomdifncation. BDNF is synthetized
throughout the neurons of the CNS including thehrad’s ventral tegmental area (VTA),
hippocampus and peripheral organs such as skelatalle, liver and adipose tissue. BDNF
is able to cross the blood-brain barrier. BDNF haspecific high affinity receptor, the
tropomyosin-related kinase B (TrkB), a tyrosinedsa receptor mediating its effects.

The link between mesocortico-limbic function and BB is well established as
BDNF is expressed and has direct influence on mali@rcuits activated by reinforcement
learning and related reward-processing. BDNF’s oarcerning the development of the
dopaminergic system is underscored by its effi@ey trophic factor in human and rat
mesencephalic dopaminergic neuron cultures, inelichly increase of neuronal survival
and elevation of neuronal tyrosine hydroxylase aaogamine content. Furthermore,
Previous findings show the expression of TrkB rémepby mesencephalic dopaminergic
neurons, hence making these neurons susceptitbhe &ndocrine/paracrine and autocrine
effects of BDNF.

1.2 Model-free and model-based reinforcement learning

Model-free approaches such as temporal differezeening (or its variants e.g. the
actor-critic model, SARSA a policy- and Q-learniagvalue-iteration method) work by
making predictions about the future value of stéite$’avlovian learning) or state-action
pairs (instrumental learning) based on direct adBon with the environment e.g. using



experience to sample the environment. Model-fraeniag is governed by the utility of a
stimulus (Pavlovian learning) or outcome (instrutaériearning) with respect to its
predicted cumulative future value discounted asatfon of time, embodied by the reward
prediction error.

Compelling evidence from varying fields of neuresuwe depicted dopaminergic
neurons of the mesocortico-limbic system as camelidaural substrates for model-free
information processing. Indeed, to date the masbariate framework accounting for the
role of dopaminergic (DA) neurons in reinforceméedrning is the RPE hypothesis.
Accordingly, phasic DA neuronal activity is trigger by either unexpected reward, or
sensory signals for unexpected rewards. The difterdetween the predicted and actual
value of rewards are depicted yielding a respoasem that is in alignment with a model-
free appetitive RPE. Dopaminergic neurons emandtorg the ventral tegmental area and
pars compacta substantiae nigrae project to thé&alestriatum (VS), forming the key
neuronal pathway of the mesocortico-limbic circAdditionally, VTA DA neurons project
to the amygdala, hippocampus and the OFC and dstrsaium. To account for learning,
RPE serves as plasticity-modulating teaching sigmatl governs future behavior in order
to maximize predicted future reward and consequenthimize RPE. During learning the
dopamine teaching signal is transferred from theonditioned primary reinforcer to its
preceding sensory cue in a way that allows foibnek-propagation of the teaching signal
so reward may be predicted at the earliest timeiples Burst generation of VTA DA
neurons depend on intact synaptic inputs, as tegepce of glutaminergic synaptic drive
from the subthalamic nucleus (STN) and lateroddesgiinentum gated glutaminergic and
cholinergic activity of the pedunculo-pontine tegita nucleus (PPTgN) are prerequisites
for burst firing to occur. The PPTgN offers onetloé strongest excitatory drives to the
VTA.

Model-based approaches work by building a modethefinternal and external
environment e.g. of distinct states encompassimgands (described by the reward
function), their connections and probabilities gowmeg state transitions (characterized by
the transition function). Model-based methods ubke knowledge of sequential
contingencies describing state transitions and rdweard function for either making
predictions pertaining to future rewards, or plagne.g. use of the model for making
forward-looking mental simulations relating to adtwr imagined states (Pavlovian



learning) or state-action pairs (instrumental leagh By running serial computations
concerning the immediate consequences of statsiticars (Pavlovian learning) and/or
action sequences (instrumental learning) the yitifta state (Pavlovian learning) or state-
action pair (instrumental learning) is obtainediiactly based on the model.

There are numerous reports dealing with the invokvet of specific brain structures
in model-based reinforcement learning, however gsans concerning the unambiguous
neurobiological underpinning of the model seem @ontissing. In the following section
utilizing the proactive brain concept we elabotht the brain’s default network might be
the structure that has the function to continuowglyk on modeling the environment. In
addition, we will show that several components bé tdefault network (e.g. the
hippocampus, the amygdala and the OFC) have belezdlito model-based reinforcement
learning, thus it is convenient to suggest thatntloelel constructed by the default network
is accessed by the reinforcement learning systesth (by Pavlovian and instrumental
learning) to allow model-based computations.

1.3 The proactive brain

The previously known concept of proactive brainviites a framework for
understanding how the brain makes predictions. doug of this theory stands the
proposition that the brain in its default modeastinuously making predictions by means
of associations driven by external gist informatiobtained from sensory stimuli or
alternatively by thought mobilizing relevant menesti These associations as elemental
building blocks of thought enable taking advantafjgequent trends in the environment
to help interpret and anticipate immediate futuneergs therefore help cope with
uncertainty, resolve ambiguity, generate rewardteel perceptions, and govern action
selection as these predictions offer informationtgoeing to what to expect in a given
environment. Accordingly, one of the key functiaighe default network (as indicated by
its overlap with contextual associative areas)yi®nganize typical arrangements of the
environment into context frames that contain typiganeric representations such as the
probable objects clustered together, their relatemd affective and reward value and offer
a set of expectations that can govern attentioraatidn selection. The structure of context
frames enables pattern activation in associativ@ong e.g. automatic co-activations based
on feature similarity, spatiotemporal contiguityy Brganizing the external world and



internal states into context frames, informationtggaing to valence and reward value of
stimuli is accessible in a way that it may assistkimg predictions facilitating action
selection for maximizing reward.

1.4 Modulation of the reward circuity: the FNDCS5/irisin /BDNF axis

Irisin was discovered by Bostrém and colleaguasite and humans. It is a highly
conservative polypeptide (12 kDa) with its aminalaequence showing 100% homology
in most mammals, reflecting highly conserved fumtilrisin is released by proteolysis
from the transmembrane fibronectin type Il domedimtaining 5 protein (FNDC5).
FNDCS5 expression is regulated by the transcriptiooactivator, peroxisome proliferator-
activated receptor-gamma coactivator proteifRGCi), a known regulator of oxidative
processes in BAT (Phillips et al., 2014). Expressad both FNDC5 and PGGlare
positively correlated with physical activity and tkvieach other, evidenced by their
decreased and increased expression in responsddntary lifestyle or sustained physical
training, respectively. Irisin is released into theculation following proteolytic cleavage
of FNDCS5. Although most abundant in skeletal mudelDC5/irisin expression is present
in other tissues as well, including the adipossuis (hence irisin is an adipokine too), the
rectum, the tongue, and the brain.

Additional to irisin’s role as a link between skelemuscle and adipose tissue, its
effect in the central nervous system (CNS) is &élsimg acknowledged. FNDC5 mRNA
was isolated from distinct structures linked tanfeicement learning processes e.g. the
hippocampus (model-based learning), and midbraiodéhfree learning) in rodents.
Furthermore, it should be noted that irisin prodloethe periphery readily crosses the
blood-brain barrier. The most relevant central@fté¢ neuronal FNDC5/irisin regarding its
contribution to reinforcement learning processesy rba its effect to induce BDNF
expression in relevant brain areas. Forced hipppahexpression of FNDC5, for example
resulted in BDNF expression, and conversely, paredithe increase of irisin’s level in the
systemic circulation led to increased hippocamdaNB expression. Moreover, alteration
of the expression of FNDC5 by RNAI, small noncodiRNA transcripts, regulators of
MRNA expression-mediated knockdown in cortical nasrt resulted in a parallel reduction
of cortical BDNF expression.



1.5 Mood disturbance and the reinforcement learning paadigm

Several disorders have been mapped onto the reérfent learning paradigm
including depression, with distinct attributes afue-based decision making being altered.
For example, higher discounting rates for delayeatards reflective of hopelessness and
unwillingness to invest in the future was showmiajor depressive disorder. In a different
study, anhedonia, one of the cardinal symptoms aejomdepressive disorder, was
associated with diminished primary sensitivity éaards. Accordingly, the dysfunction of
VTA - VS axis have been specifically associatedhwénhedonia and anergy, also
characteristic of depression.

Summarizing, it may be proposed that change of méwmaocessing in mood
disorders may be accompanied by alteration ofrie@iBDNF axis.

1.6 Mood disturbance, a highly co-morbid disorder of CG°D

Chronic inflammatory pulmonary disease (COPD), bgfqundly impacting the
patient’s quality of life, poses great socio-ecoimiyurden for individual patients, their
families and society. COPD primarily worsens quyalif life by developing chronic,
progressive dyspnea and consequent limitation g$iphl activity. Moreover, co-existing
mental health problems show higher prevalence iPB@atients than in the general
population, with depression and anxiety being prese approximately 20-40% and 30-
50% of COPD cases, respectively. Disturbance ofdmum only causes disability per se,
but changes the course of the disease by alteangpatients experience and manage their
disease thus worsening their functional and hestéttus. Therefore, the quest to elucidate
the potential mechanisms underlying mood distureate COPD is ever so pressing.

1.7 Goals

During our investigations, we — directly or indirectlyut forward the hypothesis that
the common denominator of risk behaviors underlylmgmost burdening NCDs may be the
dysfunction (or untoward function) of the mesoamtlimbic system and consequent alteration



of the reinforcement learning system and that abemof humoral factors appear to play a
significant role in its evolution. According to ghour aims were

1. To develop a unified, integrated model for reraément learning that has the ability to
account for the model-based and model-free accadmesnforcement learning

2. To offer a neurobiological substrate for the welodised by the model-based
reinforcement learning system.

3. To clinically validate the hypothesis that hualanediators, such as irisin and BDNF,
can contribute to the development of disordersraapd disorders in which the reinforcement
learning paradigm has been previously describéxt taltered.



2 Materials and methods

2.1 Conceptualization

Based on theoretical premises we conceptualizedodemthat links together
concepts of reinforcement learning (e.g. both Raaloand instrumental learning), model-
based and model-free accounts by utilizing funeti@matomical considerations, concepts
of machine learning (e.g. the reinforcement leayragent) and the theoretical framework
of ‘proactive brain’ deploying the brain’s defauletwork. The merit of the resultant
concept termed “proactive model of reinforcemeatnéng” is that it gives rise to several
testable hypotheses and offers a representaticctatecture carrying clinical implications.
The current work is deeply rooted in the concepaual experimental findings of others,
cited throughout the thesis.

2.2 Study design for investigating COPD patients

This investigation was designed in agreement vmehiSTROBE statement for cross-
sectional studies and is in line with the princgpdstablished by the Declaration of Helsinki.
Approval of the Ethical Committee of the UniversttiyDebrecen (DEOEC RKEB/IKEB
3632-2012) was obtained in advance. Informed cdivgas obtained from each participant.

In this study, data of a COPD patient populatios aaalyzed. Briefly, every COPD
patient, attending the outpatient unit of the Déapant of Pulmonology (University of
Debrecen) between September 1, 2012 and Octob2018 for the management of COPD,
were screened by attending pulmonologists, who weeavare of the research hypothesis
and study protocol. Patients suffering from anytacmflammatory disease over the
preceding one month and those having benign orgmehit tumors in their case history
were excluded. Patients meeting the entry criteleae referred to the study nurse who
explained the details of the study and obtaineormé&d consent. Every patient referred by
the pulmonologists consented to study participatOmerall, 74 COPD patients were
recruited. At the time of inclusion, patients wenanaged for COPD according to the
relevant Hungarian practice guideline and the GQiifiative. Patients received therapy at



the time of inclusion as clinically warranted. Weddody plethysmography was performed
for every patient to obtain lung function paramgteDemographic, anthropometric,
anamnestic, laboratory and quality of life dataeveiso acquired. Cumulative measure of
smoking exposure was described by pack-years (ateduor both past and current
smoking exposure). To assess disease-specifidyaélife, the official Hungarian version
of Saint George’s Respiratory Questionnaire (SGR@9 used with the permission of the
proprietor (Paul Jones, University of London, LondoK).

2.3 Pulmonary function testing

Whole-body plethysmography was performed accordinthe ATS/ERS criteria
(Miller et al., 2005; Wanger et al., 2005) with t®is whole-body plethysmograph (PDT-
111/p, Piston Medical, Budapest, Hungary). Pletrogrmaphy was performed while
patients were receiving long-term therapy for COFBe best of three technically sound
maneuvers was selected in case of each particiRagarding resistance curves, at least
two separate and technically appropriate measuresnvegre performed and results were
accepted only if these were the same for both nmeasnts.

2.4 Blood samples and routine laboratory tests

Blood samples were obtained in the morning of ttereénation, after an overnight
fast. Routine laboratory investigations were perfed following standard procedures.
Serum or plasma samples were used to charactesidmlydrate homeostasis, lipid
homeostasis, kidney function, liver function, ssabfi skeletal muscles, thyroid-stimulating
hormone-sensitive (STSH) and systemic inflammati®erum samples used to determine
irisin and BDNF were frozen within 60 minutes amored at -80 °C until further analysis.

2.5 Determination of serum irisin and BDNF

Serum BDNF and irisin levels were measured usingirmoercial ELISA Kits,
compliant with the manufacturer’s instructions (8&Aldrich, MO, USA and Phoenix



Pharmaceuticals, Burlingame, CA, USA, respectivey)) measurements were performed
in duplicate. A standard curve showing linear relahip between optical density and
concentration of irisin as well as BDNF were obg¢girwith each plate. The detection limit
for BDNF was less than 80 pg/ml. In line with thamafacturer’s informaiton, the irisin

standard curve was linear from 1.34 to 29.0 ngamd| the detection limit was 1.34 ng/ml.
For the stratification of the final multiple regsgsn model, serum BDNF levels were
dichotomized according to their median value.

2.6 St. George’s Respiratory Questionnaire (SGRQ)

The official Hungarian version of SGRQ validated #1-month recall period was
used according to the SGRQ manual supplied by tbprigtor. SGRQ quantifies health
impairment with three component scores (Activityymptoms and Impact component
score) and one total score of which the Impactyes@iso strongly correlates with
disturbances of mood (e.g. depression). The Sewegsrovided as a percentage, thus 100%
indicates the worst and 0% represents the bestcilg health status. Two independent
raters recorded data by diligently following datdrg guidelines, and scoring was done
using the score calculation algorithm provided gy tleveloper of the SGRQ. Inter-rater
variability assessed by Spearman correlation wa8 (p<0.001), 0.988 (p<0.001), 0.999
(p<0.001) and 0.999 (p<0.001) for the Symptomsjultgt Impacts and Total scores of
SGRQ, respectively. Both raters were blinded tersatvere blinded to patients’ irisin and
BDNF levels.

2.7 Statistical analysis

Disturbances of mood were quantified with the Impacore reflective of mood
disorders and overall psycho-social dysfunction.

The mean of the Impacts score was used as cutafidbotomization of the COPD
cohort, so patients with Impacts score < 32.65% et into the lower Impacts score group
(n=40), while patients with Impacts scar&2.65% formed the higher Impacts score group
(n=34), corresponding to less or more pronouncedadndisturbances, respectively.
Normality of continuous variables was checked by 8hapiro-Wilk test. For variables
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following Gaussian distribution, two datasets wesenpared using Student’s t-test, while
Mann-Whitney U test was carried out for those nbbvang normal distribution.
Frequencies were compared with Pearsgi’'sest.

The correlation of mood disturbance and serumrmigsincentration was established
using Spearman’s correlation. The relationship betwmood disturbance and serum irisin
level was further investigated with simple as veslimultiple linear regression.

Simple linear regression was carried out with ttadal confounding factors (age,
gender, height, disease duration in years), lungtion parameters and routine laboratory
parameters obtained from the serum or plasma samiglissing data were omitted. To
eliminate effects of potential confounders, mudidinear regression modeling was
performed. First, a multiple model was compiledluding all significant regressors
identified by means of simple linear regression angkiori variables (age and gender).
Variables were introduced into the initial multipteodel simultaneously, then factors not
contributing significantly to the model were detk{except for the a priori variables). The
final model contained (in addition to the a priparameters) FEV1% pred, body mass
index, weight and (log) triglyceride levels. Fumtivere, the final model was stratified with
respect to BDNF levels. Heteroskedasticity and gesd of fit for the model was assessed
by Cook-Weisberg and Ramsey test.

Statistical analysis was performed with Stata Isb@iware (Stata Corporation).
Values are given as mean = SD or median (withritexquartile range: IQR), and regression
coefficients are presented with their 95% confidemterval (Cl).
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3 Results

3.1 The proactive model of reinforcement learning

Our conceptualization yielded the proactive modelrenforcement learning that
articulates two premises. On one hand based oroaeatomical observations of others, we
propose that the ventral striatum compiles theevéilunction component of the reinforcement
learning agent by integrating model-free and mdidesled inputs about rewards in a way that
value is computed. Hence, VS supplies value inftionafor both types of reinforcement
learning paradigms, e.g. Pavlovian and instrumdegahing. On the other hand, the proactive
model of reinforcement learning utilizes the defanbde network as the model for the model-
based system with the amygdala, hippocampus andrii@frontal cortex assuming specific
reward-related roles. The default network buildepisodic memory to function in a way that
allows future-oriented predictions and planning.e Temygdala couples with VS to code
stimulus-outcome contingencies. The hippocampugleswvith VS to code context-outcome
contingences while the OFC is driven by hippocamaod amygdala to integrate reward-
related information into context frames thus OFd wiovide information about expected
rewards. The model-free system (e.g. the PPTgN, ¥iéthe VS) together compute reward
prediction error. Given that the OFC has strongneations with the VTA and its afferent
PPTgN, structures relevant for dopaminergic buristgf, the OFC may offer modulatory input
that further interferes with the model-free systeBummarizing the expected reward
information provided by the OFC gets fed back @ntodel-free system, in a way that the VS
may integrate model-based reward information wiathrhodel-free reward prediction errors to
compute the value signal emitted by the VS.

3.2 Association between serum levels of irisin and BDNRnd mood
disturbances in COPD

3.2.1 The COPD patient population involved

The baseline characteristics of our COPD patiehbdavere as follows. The mean
age of the patient population is 62.15+£9.70 yearspatients were female and 25 patients
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were smokers. The median disease duration in yes$ years (3.00 to 10.00 years). The
median of the SGRQ component scores were: SGRQ teymsscore 32.66 (13.64-58.28),
SGRQ Impacts score 29.64 (15.44-49.79), SGRQ Agtsdore 57.32 (47.24-72.08), while
the mean of the Total score was 41.08+20.99. Searigin and BDNF levels were 7.22
(6.63-8.10) ng/ml, 345.6 (294.20-387.90) ng/mlpexgively.

3.2.2 Comparison of patients with respect to mood distnde

The two groups of COPD patients, dichotomized wébpect to the mean of Impacts
score, proved to be homogenous regarding mostegbainameters investigated. Nevertheless,
in the group with higher Impacts score (showing enpronounced impairment of mood),
dyslipidemia (9/40; 17/34 p=0.017 for lower vs.legimpacts score) and hypertension (18/40;
25/34 p=0.013 for lower vs. higher impacts scoes) dnamnestic data) were more frequent,
and differences were seen with respect to serum (25 (2.65-4.00mmol/L; 2.80 (2.40-
3.30) p=0.030 for lower vs. higher impacts scoseyum irisin (7.37 (6.99-8.12)g/ml; 6.85
(6.49-7.99) p=0.030 for lower vs. higher impactorsef, FEV1% pred (71.37+£19.26;
60.85£20.25 p=0.025 for lower vs. higher impactorey; FVC% pred (86.3+16.92;
78.12+17.25 p=0.043 for lower vs. higher impactxrsgand serum glucose (4.08 (4.00-5.50);
5.30 (4.70-6.60) p=0.015 for lower vs. higher intgascore.

3.2.3 Associations among SGRQ’s Impacts score, serum &isd BDNF levels

Upon assessing the correlation between the Imgact®e and reciprocal of irisin,
we found a significant positive correlation in thirole COPD cohort (Spearman correlation
coefficient: 0.26, p=0.02;), in agreement with fimeling that the irisin concentration was
smaller in the higher Impacts score group. Thisetation became stronger (and remained
almost statistically significant) in the stratumtlwiower BDNF level, while it was weaker
(and non-significant) in the stratum with higher BB (Spearman correlation coefficient:
0.32 and 0.22, p=0.055 and p=0.19, respectivaleit the relationship between the Impacts
score and reciprocal of serum irisin level chandoeel by simple linear regression was not

significant (p=0.08) after correction for possibnfounders by multiple linear regression the
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Impacts score and reciprocal of irisin showed angjy significant, positive associatiof: (
419.97; Cl: 204.31, 635.63; p<0.001). This assmmabecame even more distinct among
patients with lower BDNF level${434.11; Cl: 166.17, 702.05; p=0.002), while asidarably
weaker and statistically non-significant assocratvas present in case of patients with higher
BDNF concentrationg3 373.49; CI: -74.91, 821.88; p=0.10). The Cook-$¥erg test showed
no heteroskedasticity for the full model and stveita lower and higher BDNF (p=0.92, p=0.67
and p=0.82, respectively). Furthermore, all threeleks showed good fit reflected the Ramsey
test (p=0.82; p=0.53 and p=0.79 for the whole dataand strata with lower and higher BDNF,

respectively).

Based on the final multiple linear regression mdbeilt for the Impacts score), body
mass index (BMI)[{: 3.68; CI: 2.01, 5.34; p<0.001), (log)triglyceri -8.70; ClI: -16.38, -
1.02; p=0.027) and body weighg:(-0.78; CI. -1.31, -0.25; p=0.004) were signifitdgn
associated with mood disturbances among COPD psitiém addition, severity of airflow
limitation, characterized by FEV1% pred, showedgaificant negative association with the
Impacts scoref} -0.52; CI: -0.71, -0.32; p<0.001).
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4 Discussion

4.1 Components of the proactive model

4.1.1 Default network for building a model of the envirnent

Decreased brain activity seen in response to degniasks as opposed to the
heightened metabolic activity encountered in tlleesareas upon passive mental states (e.g.
when left to think undisturbed) is the hallmarktloé¢ default mode network. Based on the
ubiquity of its involvement in mental processeg tiefault network was proposed to have
an essential, adaptive function. More interestitilgé/proactive brain concept has attributed
an integrative function to the default network,dzhsen the elaborate overlap seen between
the contextual associative network and that thawudehetwork (e.g. that the default network
continuously creates and updates the model of nkeanment by means of generating
contextual associations). The core regions assatiaith this network include the ventro-
medial and ventro-lateral prefrontal cortex (inchgd the OFC), the posterior
cingular/retrosplenial cortex, the inferior pariei@bule, the lateral temporal cortex, the
hippocampal formation (including the entorhinal &he parahippocampal cortex) and the
amygdala. The connection of the default networkhsitriatal reward pathways has also
been established, in fact there is evidence fod#fault network supporting goal-directed
simulations.

In our view this function pertains to the use ohadel in reinforcement learning for
the purpose of planning and optimizing policy invay to maximize the sum of future
discounted reward. The following subsections wileview the component structures of
the default network that are involved in rewardatetl processes used in model-based
learning.

4.1.2 Model-based Pavlovian learning: amygdala-VS conmgputgimulus-reward
contingencies

Intact amygdala function is necessary for delivgrreward-related information
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about discrete stimulus. The amygdala is highlyartgmt for extracting the affective
properties of a stimulus and as such assumes eacmié in processing aspects that are in
agreement with actual goals. In other words, amiggdssponds to motivationally relevant
information with relevance indicating the congrueraf the affective component of the
stimulus and goal.

4.1.3 Model-based Pavlovian learning: hippocampus-VS agmpcontext-reward
contingencies

The hippocampus is postulated to be a key in ctumdxearning as its role in
encoding and remembering contexts is well descrilbed hippocampus is able to encode
the spatial properties of the environment, it emsodteroceptive contexts (such as hunger,
thirst and timing) and accordingly is able to imfhice motivated behavior by integrating
information about internal and external state sglanformation into response-outcome
relationships. Furthermore, it has been demonstrdtat VS-hippocampal connections
have a role in learning place-reward associatidriise possible contribution of the
hippocampus to model-based reinforcement learrasdken postulated by accounts which
give evidence for hippocampal representation oicgated future states, and that these
representations reflect the statistics of the emvirent, fundamental properties inherent of
model-based systems.

4.1.4 Model-based Pavlovian learning: OFC in the intezgaéward-related attributes into
default-network derived context-frames

According to our framework, the proactive modelreinforcement learning, we
propose that OFC is a likely candidate for integgastimulus-reward and context-reward
information (coming from the integration of amygalahnd hippocampal input) in a way
that reward-related information (spatio-tempordfecive, motivational attributes) are
integrated into context frames yielded by the fiorcof the default network. As a result,
the OFC provides expected reward information talds/nstream structures the PPTgN,
VTA and VS. This assumption rests on several greukdst the afferent connectivity of
OFC differs from that of the surrounding prefrorgegas, as it receives multimodal sensory
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input, and afferentation from the anterior cingeledrtex, the dorsolateral prefrontal cortex,
the hippocampus, the amygdala and the VS (strucals® known to be part of the default
network). Accordingly, the OFC is a heterogenowsoeisitive area that integrates external
and internal information in order to embed multimbekpresentations in a spatio-temporal
context reflecting the monetary and affective vabiestimuli. Its efferents are highly
intertwined with structures of the reward systesgsaglutaminergic neural outflow targets
the VS, the VTA, and the PPTgN, structures candriczamodel-free learning (e.g. VS,
VTA and PPTgN). A role for OFC in driving reinforment learning may be proposed based
on the fact that it is embedded in distinct cirsuitlated to outcome-specific and value-
based behaviors, behaviors that depend on insttaiiearning and Pavlovian learning,
respectively.

4.1.5 Ventral striatum: the role of value function compah of reinforcement learning
agent in the integration of model-based and moa&-input

According to the proactive model of reinforcemesarhing the VS receives varying
afferent inputs, to yield the value function comeonof the reinforcement learning agent
by emitting a value signal that encompasses bethnskrelated signals and RPE, provided
by model-based and model-free inferences, respdgtiv

As a key nucleus of the mesocortico-limbic syst&f8, assumes a central role
according to the reward prediction error hypothetfiat hinges on dopaminergic
mesolimbic pathways. Moreover, model-based infegsrto the function of VS may be
deduced upon the considering the connectivity of $#®wing abundant glutaminergic
afferentation rising from the hippocampus, the adajg and the OFC.

Based on these considerations we suggest the strtmmgonnection of model-free
and model-based learning processes based on ttiofuad connectivity of the VS, as the
VS - a likely candidate for computing value - resi input from the dopaminergic neurons
of the VTA/ substantia nigra pars compacta (infdren of reward prediction error emitted
by model-free account) as well as the hippocampuosygdala and orbitofrontal cortex
(offering reward-related input from the model-basedount). This value signal may be
embodied by the GABA-ergic efferents emanatingurothe ventral pallidum, the limbic
final common pathway for mesocortico-limbic progegof many rewards.
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4.2 Antecedents of the proactive model of reinforcemenearning

Our model, the proactive model of reinforcementrie®y posits that model-free and
model-based reinforcement learning are linked W&ihtegrative function of the VS that
yields the value function component of reinforcetrlearning. This concept utilizes the
former proactive brain concept, and organizes hippwpal, amygdalal and OFC
functioning into a ‘model’, by use of which modedd®d Pavlovian learning paradigms may
be interpreted. Furthermore, we put forward theotlypsis that the default mode network
builds the model utilized by model-based reinforeatriearning.

Possible support for the default network’s abiidyffer a model upon which model-
based reinforcement-learning related computatiorsparformed comes from a recent
fMRI study, showing the co-operation of the defagitwork and reward-processing regions
in generating simulations of desired future outcerimefacilitate decision-making about
future goals. The authors interpreted their finda&sgevidence for the involvement of the
default network in goal directed episodic simulasidghat may help with selecting the most
beneficial long-term goals.

Further attribute of the framework is that the \Wegrates these varying afferent
inputs, and to compile the value function comporéiie reinforcement learning agent by
emitting a value signal that encompasses both ewaated signals and RPE, provided by
model-based and model-free inferences, respectivaig proposition is supported by unit
recordings in rats that failed to reflect rewarddiction error coding in the VS. Instead it
was suggested that the dopaminergic signal entigdtie VTA is transformed by ventral
striatal processing in a way that it results iradue signal. Actor-critic accounts of model-
free learning are also congruent with this propmsithat the VS computes value of states,
as the function of the critic (known for computivglue of states or state-actions pairs and
using this value to update the actor’s functiorpften confined to the VS.

Summarizing, we offered an integrative account, thmactive model of
reinforcement learning, to conceptualize model-feeed model-based reinforcement
learning by laying out a set of propositions. Alsee articulate that the brain’s default
network underlies modeling the environment in a Wt it may be accessed by structures
involved in model-based learning. Accordingly, tieirobiological connectivity of the DA
reward system (e.g. VTA-VS) was overviewed with @@ of accentuating its centrality
with respect to afferentation by the amygdala, bggmpus and OFC. To account for
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making predictions for elucidating what is expected concept of proactive brain was
elaborated in light of the brain’s default netwolknction. We theorized that the
orbitofrontal cortex offers an input for computitige reward expectations by integrating
reward information into context frames developea &snction of the default network and
forwards this information to the model-free reird®ment learning structures, and as a
result RPE and model-based reward expectationsoanbined to yield the value signal in
the VS.

4.3 The impact of BDNF and irisin on mood disturbancem COPD

The clinical validation of the hypothesis that edirisin/BDNF axis accompanies
disorders conceptualized as the dysfunction ofoetement learning e.g. mood disorders
was done by analyzing data of our COPD cohort.esent analysis showed a very strong
positive association between the Impacts scoreatfe of depressive mood disturbances
in COPD and the reciprocal of serum irisin that \wabstantially more remarkable in the
stratum with BDNF levels lower than the sample raadiAnalysis by means of multiple
linear regression that corrects for possible comfiens has confirmed the significant
association between Impacts score and serum irigsithermore revealed four other
significant determinants of Impacts score: BMI, gvj triglyceride level and FEV1% pred,
an index of the severity of airflow limitation inGEPD.

In addition to reciprocal of irisin, regression ffa@ents remained significant for
BMI, log triglyceride and FEV1% pred in the stratuvith lower BDNF levels. However,
BMI, weight and FEV1% pred showed significant cdmition to the final model in the
stratum with higher BDNF levels. These results sstjghe presence of an interaction
between serum irisin and serum BDNF levels regagrtheir influence on Impacts score
and they underscore our previous hypothesis tmatrs&isin may exert a peripheral effect
reflected by the alteration of metabolic parame{@&gll, weight and serum triglyceride
levels) and a central effect related to mood antivaiion based on BDNF's action. To the
best of our knowledge, this is the first time tha irisin-BDNF axis was assessed with
respect to its possible influence on mood distucbarin COPD patients. The ability of
FNDC5/irisin pathway to induce BDNF expressionhie hippocampus has been reported
previously in mice. Our present results seem t@suphese findings in humans for the
first time.
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The role of BDNF in depressive disorders has wealerb articulated by the
neurotrophic hypothesis of depression. Accordingthcs, depression is based on
neurotrophin deficiency of the limbic system, afeef that may be reversed by long-term
administration of antidepressants. This hypothissttosely linked to the neural plasticity
hypothesis which postulates that environmentalofacfe.g. stress) cause dysfunction of
signal transduction cascades involved in neurodaptation and plasticityA candidate
pathway is that containing BDNF-cCAMP response elaniending protein (CREB), a
transcription factar Change of BDNF plasma levels as well as tissueldefrom post
mortem biopsies of hippocampus have been describeepressed patients. Furthermore,
the cause-effect relationship between BDNF and nugpressive disorder was established
by a case-control study nested in a cohort of 1@@6en aged 75 to 84 years. Using
incident cases and controls over the four-year rebsen period, it was concluded that
BDNF is a state marker of major depressive disbased on the longitudinal decrease of
serum BDNF levels in this cohort. Corroboratingdevice from a systemic review and
meta-analysis of twenty publications including 158drticipants, furthermore showed
significant correlation between changes of BDNFeleand depression score as well as
significant increases of BDNF levels accompanieatapy with antidepressants.

Several studies have corroborating evidence fordlationship between markers of
disease severity and BMI. Recently, the COPDGevestilgators analyzed the data of 3631
spirometry-confirmed COPD patients obtained fromudticenter prospective cohort study.
The investigators found significant associationngetn obesity, characterized by higher
BMI and worse outcomes including poorer qualitylifef, dyspnea and reduced 6-minute
walk distance. Conversely others have also repaitgudficant correlation between FEV1%
(FEV1/FVC) and BMI (Spearman’s correlation coeffiai 0.255, p<0.01). In another
study, the influence of metabolic syndrome andat®ponents on the 5-year mortality was
assessed in COPD. The authors found that 100 migichease of plasma triglyceride
concentration increases the probability of deatr dhve 5 years by 39% (translating into a
hazard ratio of 1.39, CI: 1.06, 1.83). This findsayroborates our result that log triglyceride
levels significantly associated with the Impactsredn our final multiple linear regression
model.
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5 New findings

1. The proactive model of reinforcement learningswieveloped a novel,
integrative framework that accounts for the intéoac between model-free and model-
based reinforcement learning.

2. Using this new model, the proactive model ohf@icement learning a
neurobiological substrate was offered for the madsld by model-based reinforcement
learning by proposing that this model developshasrésult of the continuous function of
the default network.

3. Starting from the integrative model to link modidorder to reinforcement
learning it was shown that humoral modulation ohfezcement learning associated
neuronal structures, by altered irisin/BDNF my uthde the mood disturbances
accompanying COPD.
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6 Summary

Interventions focusing on the prevention and tresimof chronic non-
communicable diseases are on rise. An integraheeretical framework, the proactive
model of reinforcement learning is proposed as aly montribute to understanding the
etiopathogenesis of certain risk behaviors leathngCDs.

The proactive model of reinforcement learning Eoiat based on the connectivity
of structures attributed to model-based and mage-account, the two approaches for
solving the reinforcement learning problems aresalyp linked and interact. On one hand
based on the functional connectivity of VS, modekfand model based RL systems center
on the VS that by integrating model-free signa¢x¢ived as reward prediction error) and
model-based reward related input to compute the sbstrate of reinforcement learning
the value signal. The proactive model of reinforeain learning also offers a
neurobiological substrate for the model utilizednbydel-based reinforcement learning by
suggesting that the default network showing exteninctional overlap with contextual
associative areas functions in a way that the enment is continuously organized into
context frames enabling the formulation of analbgged association that are turned into
predictions of what to expect.

Additional to the neural inferences humoral factanes also important, with irisin, a
contraction-regulated myokine formed primarily keketal muscle but also in the brain and
its downstream mediator BDNF possibly assumingle iStarting from this we set out to
elucidate the possible alteration of the irisin/Bbakis in a clinical population who suffer
from mood disorder, a disorder known to be linkdthvalteration of the reinforcement
learning paradigm in a cohort of COPD patients eCastory, laboratory parameters, serum
irisin and BDNF, pulmonary function and diseaseetfe quality of life (SGRQ) were
determined in a cohort of COPD patients (n=74).@nand then multiple linear regression
was used to evaluate data.

We found that mood disturbances are associated Mitler serum irisin levels
(SGRQ'’s Impacts score and reciprocal of irisin shdva strong positive associatigh;
419.97; Cl: 204.31, 635.63; p<0.001). This assmralvas even stronger among patients
in the lower 50% of BDNF level$1{434.11; Cl: 166.17, 702.05; p=0.002), while icame
weaker for patients in the higher 50% of BDNF caomagions p: 373.49; CI: -74.91,
821.88; p=0.1). These results suggest that irisante beneficial effect on mood in COPD
patients, possibly by inducing the expression ofNBDin brain areas associated with
reward-related processes involved in by depression.
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