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PATTERN RECOGNITION APPROACH FOR ANALYSISOF METABOLIC
RESPONSE TO INTERMITTENT HYPOXIA

Intermittent hypoxia (IH) elicits two forms of rasgtory plasticity, which are initiated during aatter exposure
to IH, i.e. a long-term facilitation and a progligesaugmentation of respiratory motor output. IHoftsen used as a
model of sleep apnea and/or respiratory plasticithumans and animals. Procedures of IH are alptieabin sport
medicine and rehabilitation of respiratory disea3d®e aim of the present paper is an analysisroétabolic response
to acute intermittent hypoxia in a rat model. Thavals were placed and monitored in a whole boeyhysmographic
chamber. The rats were exposed to five consecugigkes consisting of 10-min hypoxic stimulus pergeparated by
10-min normoxic intervals, and additionally theyresemonitored up to 1 h after the final hypoxic espi@. The
metabolism software analyzer recorded followingiatales (features): metabolic rate, carbon dioxidedpction,
oxygen consumption and respiratory quotient. Thaiobd results demonstrated that acute IH cause&sboiE effects
during and after intermittent stimuli, which may dfectively recognized by an application of #hBIN classifiers.

1. INTRODUCTION

Hypoxia, i.e. decreased,@vailability, is a stimulus that affects biolodicgstems, and may act as
acute or chronic exposition [4, 11, 33]. Systemegponses to acute hypoxia occur within secondsaend
mediated entirely by reflexes originating from péeral chemoreceptors the carotid body [11]. On the
other hand, chronic persisting for several hourdags leads to phenotype re-modeling and adaptafion
physiological systems, which require activation tednscription factors most notably the hypoxic
inducible factor-1 (HIF-1) [26]. HIFs are heterodnt proteins composed of subuniis(HIF-o) andf
(HIF-B) [35]. HIF-1o. and HIF-2x are major isoforms od subunit. Analysis of human cancer biopsies
versus surrounding normal tissue shows, for example, that expression of HIFel or HIF-2o is
significantly increased in the majority of cancargl their metastases [32, 36]. Drugs targeted f6r1H
inhibition are tested as anticancer agents in adintrials [16, 25]. Furthermore, recent studieseha
demonstrated also different effects of intermittdnypoxic stimulus, in the course of hypoxia-
reoxygenation cycles [17, 19, 23].

Intermittent hypoxia (IH) may induce two forms @spiratory plasticity, which are initiated after
and/or during exposure to IH, such as a long-taaailifation (LTF) and a progressive augmentation of
respiratory motor output [12, 15, 30]. Long-ternciliéation is characterized by a sustained elevatb
respiratory activity after exposure to intermittéypoxia. Progressive augmentation is charactetyeal
gradual increase in respiratory activity from thetfto the final hypoxic exposure. IH is often apg as
a model of sleep apnea disorders and/or respira@uyoplasticity [17, 19, 23]. Mahamed and Mitchell
[13] suggest that repeated sleep apneas causentHershanced LTF may compensate for factors that
predispose to sleep-disordered breathing. Othearekes show that intermittent hypoxia can positive
modulate tumour development, inducing tumor growdingiogenic process, chemoresistance, and
radioresistance [1, 14, 34]. Their results sugtest HIF-1o stabilization occurring as a consequence of
IH may be an important cause for new anticanceragiies. Reactive oxygen species (ROS) generatec
during the reoxygenation periods can also playngportant role, modifying gene expression through th
regulation of the activity of some transcriptiorcttars, such as activator protein-1 (AP-1) or nuclea
factor kappaB (NReB). Furthermore, intermittent hypoxic training (IHTS a novel physiologic and
therapeutic approach in sport medicine and sevesgiratory disorders [18, 27, 28]. Additionallhet
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studies are potentially worth area to test usefelyeral computer algorithms and systems for mongo
and evaluating some effects of intermittent hyposiad/or apnea in physiology and respiratory
pathologies [5, 6, 29]. However, effects of IH, althiare more prevalent condition in health and disea
are still currently unknown.

In our previous experimental studies, we analyzedtilatory response to acute intermittent
hypoxia in anesthetized rabbits [29, 30] and awadtse [31]. In this study, to evaluate the metabolic
effects of acute IH, we decided to use patterngeition methods based on tk@earest neighbok{NN)
rule. This rule is simultaneously very simple aradywpowerful and can be treated as an approximation
the best, theoretically possible, Bayes classjifierHowever there exist several possibilities of exploring
this rule in the classifier construction. For imste, it can be used as a standard classifiery3yk-NN
rule [7, 10], multistage classifier [8] or as a gl net of two-decision k-NN component classHiere.
pair-wisek-NN classifier [9].

The standard and the pair-wise version of kiéN classifier are used in the present paper. In the
case of the pair-wise structure a sepakaldN classifier is constructed for each class péire final
decision is formed by voting of the component tvezidion classifiers. In previous author's work [9]
each of the component classifier was giving its hmice in favor to one of two classes. Howevie, t
k-NN rule produces in fact fuzzy decision. As a memshipy; to the clasg a ratioki/k is assumed, where
ki is the number of object from the clas$rom among ofk nearest neighbors. All valudgk form
components of the fuzzy membership decision-ve@or. the classifier decision expressed as a class

nc
membership vector is distributed among all clagses > v;=1. If one is interested in receiving a crisp
j=Lnc

(non-fuzzy) decision then the classifier assigres ¢fass that corresponds to the highest valug. dh
case of the mentioned component classifiers thetess are shared among two classes. The fuzzy
membership vector corresponding to the pair ofseas andj has the following formy;=[0q,... ,0.
1,Vi,041...,0:1,V4,041...,Ghd, Wherenc is number of classes;+vi=1 and all components of this vector,
except those on positiomsandj are zeros. Using membership vectors for the compociassifier, the
final fuzzy decision can be obtained as a meanctfnc-1)/2 membership vectons;, i,j=1,2,..nc, i<j,
and next from this vector the crisp decision candoeived.

The analysis of metabolic response to the inteemithypoxia in an animal model is the aim of the
study. We studied metabolic changes by a whole bplgyhysmography during and after acute
intermittent hypoxia. We verified hypothesis thia¢ tobserved metabolic changes in different peraids
IH model of respiratory plasticity can be effectivdistinguished by the pattern recognition apploac

2. BIOLOGICAL EXPERIMENTS AND METABOLIC MEASUREMENTS

The study was approved by a local Ethics Committége independent experiments were
performed in awake adult male Wistar rats (weigliige 296-316g). The animals were placed and
continuously monitored in a whole body plethysmpfia chamber (model PLY3223, Buxco
Electronics, Wilmigton NC with data analysis softeaf Biosytsem XA for Windows SF2T3410 v. 2.9).
Whole body plethysmography (WBP) has been provem\asy useful tool in the study of breathing and
metabolism. The main advantage of the WBP technigjukat it is non-invasive and therefore enables
long-term recordings from unanaesthetised and trareed subjects. The animals were exposed to acute
moderate intermittent hypoxia (14%,®alance B). The protocol of IH consisted of 5 cycles of 10rm
hypoxic exposures with 10-min air normoxic inteszaht least 1 h before the start of each prototta,
animals were allowed to acclimate to the chamber.

For plethysmograph signals, data from the last founutes of all experimental periods were binded
into 30-s samples and averaged (8 values were meghsueach of the period). The metabolism software
analyzer recorded the following parameters: metabate, MR (feature 1); carbon dioxide production,
VCO, (feature 2); oxygen consumption, Y(@eature 3); and respiratory quotient, RQ (wasdsined
by dividing VCQ by VO,, feature 4). VC@and VQ values were corrected for body weight. Baseline
level (i.e. base control) was evaluated before swps to the IH in each rat. The following periadse
concerned as the classes: the base control -Iclauss and final (fifth) exposures of hypoxic stulus -
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class Il and IIl, respectively; normoxic phase iaftest hypoxic exposure - class IV; and 1 h recpver

normoxic period after the last hypoxic stimuluslass V. The considered features and classes are
gathered in Table 1.

Table 1. Description of analyzed features and ekss

Features (physiological variables Classes (IHquk)
1. MR Metabolic rate I. Baseline level
2.VCO, CQ production II.  First 10-min hypoxic episode
3. VG, Q consumption [ll. Final 10-min hypoxic episode

4. RQ Respiratory quotient | IV. 10-min normoxic period after last hypoxig
V. 1-h recovery normoxic duration
3. RESULTS

The data analysis was started with evaluation glsifeatures (i.e. MR, VCQVO, and RQ as
features 1, 2, 3 and 4 respectively) by the stahdad the pair-wise classifier. Its result is pnéséd in
Table 2. The misclassification rates exceed 40%aandess than 53%, for each of the four featutes.
does not denote that there is no relation betwdenctasses and the features. Without knowledge
contained in the training set one could guest & class (out of five) with the probability of 20 what
corresponds to the error rate of 80%, since theselmare of equal size in the training set. Itasthvto
notice that the pair-wise classifier is more flégiand a risk of overtraining is usually higherrtha the
case of the standard classifier. However, the gfzthe training set is sufficiently large in comisan
with the number of features (50 times greater)th®chances of overtraining are rather low. It ban
noticed that significance of all features is conajde and the error rates are remarkably lower Her t
pair-wise classifier. In spite of this, even theoerates offered by parallel classifier (i.e. paise one)
are too big to use any single feature for classngisishing.

Table 2. Results obtained for single features withuse of the standard and the pair-wise classifier

Feature Standard k-NN classifier Pair-wise k-NN classifier _
Error rate | Valueof k Error rate | Valueof k'sfor classpairs
1 0.530 4 0.485 k=6,1,13,8,1,5,8,4,4,7
2 0.500 5 0.475 k=1,54,4,1,5,10,1,7,2,9
3 0.420 1 0.405 k=1,1,4,1,1,5,3,6,1,5
4 0.455 6 0.405 k=4, 14,5,7,63,1,1,2,4,6

Table 3. Results received by the use ofkNN rule for the component classifiers of pair-wisassifier.

Separate feature selection for each class pair All four featuresfor each
class pair
Column 1 Col. 2 Col. 3 Col. 4 Col. 5 Col. b Col. 7
Class Error rate | Value Selected features Error K Features
pair of k rate
[, 1l 0.013 1 {1,4} or {2,4} or {3,4} 0.013 1 {1,23,4}
[, Il 0.025 1 {1,2} or {2,4} 0.038 1 {1,2,3,4}
I, IV 0.000 1 {2,4} 0.000 1 {1,2,3,4}
I, V 0.013 1 {1,4} or {2,4} or {3,4} 0.013 1 {1,23,4}
i1, 1 0.075 1 {1,2,3,4} 0.075 1 {1,2,3,4}
i, 1v 0.000 1 {1,4} or {2,4} or {3,4} or {2,3} 0.000 1 {1,2,3,4}
I, v 0.000 1 {1,3} or {1,4} or {2,4} or {3,4} 0.000 8 {1,2,3,4}
i, 1v 0.013 1 {2,4} 0.025 1 {1,2,3,4}
i, v 0.000 2 {1,2} or {1,4}, {2,4} or {2,3} or {3,4} 0.000 2 {1,2,3,4}
v, Vv 0.013 2 {1,4} or {2,4} or {3,4} 0.013 1 {1,23,4}

In case of the use of pair-wise classifier andf@llr features, it is worth to perform a separate
feature selection for each of the component cliassjfnot only to reduce the costs of measurentautts
also to improve the classification quality. Thewuohs 2, 3 and 4 of Table 3 contain the result®afure
selection and determination, for each selectedifeatombination, the optimum value lafAs implies
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from the column 4, the measurements of all 4 festare necessary in spite of feature selectiorhdit
feature selection the error rates for two pairdlijland (111, IV) marked in bold, are remarkabiygher.

It was rather a big surprise that més$ were equal 1 or 2 and only in one c&s@&. In such
situations no significant difference between theuls for the pair-wise classifier with crisp antz2y
voting can be expected.

It is easy to notice that if a's would be equal to 1 then no difference would appetween the
crisp and fuzzy voting. In case of the analyze@gdas it is shown in the Table 4, the differencsvben
the standard and the pair-wise classifier is naagr The standar#-NN rule allows to omit the
measurement of feature 1 (MR) if the classificatraht be based on the features 2 (Vg@nd 4 (RQ).
Feature selection slightly decreased the errorinatase of the standard classifier. The misclesdibn
rates for the pair-wise classification were the samwhether feature selection was performed or not,
although, as it was mentioned above, the erros ffateclass pairs were higher if the feature selacvas
omitted.

Table 4. Comparison of the standard and the paxdissifier for complete and selected feature sets.

Classifier type Error rate Features
No. 1| Standar#-NN, no feature selection 0.060 1,2,3,4 (all
No. 2 | Standar#-NN, feature selection performeg 0.055 2, 4 e(cteld)
No. 3| Pair-wis&k-NN, no feature selection 0.050 1,2,3,4 (all
No. 4 | Pair-wis&k-NN, feature selection performed 0.050 1, 2, sdlected)

The confusion matrices, shown in Table 5, weresthie as for selected features as well as for
classification based on all features. The mosiatiff for recognition was class I, 90% of casegeave
correctly classified and 10% were misclassifieth®class Il (Table 5a).

Table 5. Comparison of the standard and the padissifier for complete and selected feature sets.

(a) Probabilities that an object assigned to the| (b) Probabilities that an object assigned to the

classi is in fact from the class[%] classi is in fact from the class[%]
Assigned True class Assigned True class
Class I 1 11 Y \Y Class I 1 11 v V

I 95.1| 0.0/ 25 00 25 I 100 | 0.0 | 0.0| 0.0] 0.0
1 0.0] 90.0/ 10.0 0.0 0.0 1 0.0 | 94.7| 53| 0.0] 0.0
11 00| 5.0/ 95.00 0.0 0.0 11 23 | 9.0 | 86.4 23| 0.0
Y 0.0] 0.0/ 25 975 0.0 v 00 | 00| 00| 975 25
V 0.0] 0.0f 0.0 25 975 V 25 [ 00 ] 00| 0.0 975

It also means that from among samples assignethgcclass Ill the percentage of correctly
classified samples is the lowest and the most etlassified samples, i.e. 9%, comes from the dlass

4. DISCUSSION

People experience chronic intermittent hypoxia (C#$ a result of sleep-disordered breathing
appeared as recurrent apneas (RA) [13, 15, 19,T2@.chronic IH leads to serious cardio-respiratory
changes, such as hypertension, persistent activatisympathetic nervous system, and abnormaiities
respiration. The CIH consequences are in part duaduction of functional plasticity in chemo-refle
pathway manifested as long-term facilitation (LTFf carotid body sensor activity, and
respiratory/sympathetic motor output. Prabhakar emitbagues [21, 22] suggest that reactive oxygen
species (ROS) and the metabolites of molecularplay a novel role as amplifiers of brief hypoxic
signals and mediate systemic and cellular respotos€H resulting in morbidity associated with RA.
Unlike chronic IH, acute IH occurs in several ploysgical situations. For instance, men experierceea
intermittent hypoxia during swimming, and then agmere triggered by naso-pharyngeal reflex and
exhibit bradycardia during apneic episodes. Thectsdf of acute IH are associated with progressive
increase in ROS, and ROS scavengers prevent néuespanses to acute IH [12, 22].
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In our studies, we analyzed respiratory responsactdge intermittent hypoxia in experimental
conditions using pattern recognition methods. Tihelar bioinformatics approach with using computer-
modeling techniques and machine-learning algorittvas presented, for example, in papers [24, 37].

The standard and the pair-wise classifier were usedhe authors in a numerous applications.
Nearly always the parallel net of two-decisioihNN classifiers outperformed the standard versibthe
k-NN classifier. The present results confirm this atage of the classifier pair-wise version. Feature
selection usually decreases the error rate, noema#tether the standard or the pair-wise versioa wa
applied. However, in the present study it was & @asy for the standard classifier. In our casaiuee
selection consists in reviewing error rates, cq@oesling optimum values ok, for all feature
combinations. An optimum value df, for each reviewed feature combination, was eistadd
experimentally by the use of the leave one out oe{B]. For the pair-wise classifier feature satatt
did not improve the classification quality and iasvthe same as for the complete feature set. eeatur
selection usually decreases also the number afreato be measured although this phenomenon did no
appear in the presented results. The advantadeedtandard-NN rule consists in the lower number of
selected features and this was the case in owysasal

From the biological standpoint the performed analghowed that each single of measured features
recognized the IH periods with above 40% error.redewever, all features together as well as set of
selected features allowed recognizing the perioely well, i.e. E=0.050. The air normoxic phases
(baseline level, 10-min normoxic duration afterafihypoxic exposure and normoxic recovery afteofLh
IH exposure) were recognized better andabged from 0.000 to 0.013. The differentiatiotmiaen the
first and the final hypoxic stimulus could be domi¢h the error rate of 0.075 for all features and/as
the worst misrecognition rate from among of alksl@airs. Among sets of selected features thewsest
a set consisted of the feature 2 (V&&@nd 4 (RQ), which gave the global error rateOED55 and it could
good differentiate all possible class pairs. Moegpthe set of all features allowed to diminish éher to
0.050.

Problem which kind of component classifiers ougbt ie applied deserves for separate
consideration. The reasonable approach consisappiying first feature selection and determining th
optimum values ok’s for the all components classifiers. If valuek’sfwill be larger than two then it is
worth to use the fuzzy voting. In the case wikerdl there will be no difference between the crisp and
fuzzy voting of the component classifiers. k2 then ties are very likely, however, the differenc
between fuzzy and crisgypes of voting can appear. For the analyzed datdifference between the
fuzzy and the crisp voting was discovered. The cbsiomputations for the both types of voting isyon
slightly higher than for one of these types. Thtuss worth to run these two versions and then fagn
the final classifier decision.

In summary the results of the study demonstrate that acueFmittent hypoxia elicits metabolic
response which may be very effectively recognizgddch of the proposed classifiers. Only, two fiessgtu
such as C@production (VCQ) and respiratory quotient (RQ=VGO'O,) are enough to differentiate all
class pairs of IH periods with misclassificatioterfrom 0.000 to 0.013, except of distinguishingaeen
the first and the final hypoxic exposure (then igint to use the whole set of features and err@ was
equal 0.075). The results concerned the metabffécte of acute intermittent hypoxia corroboratesi
of our previous studies about the ventilatory resgoto acute IH that point to usefulness of théepat
recognition approach in the experimental model isgidMoreover, this approach may be helpful in
preparation training procedures in sport and réitafion for monitoring and evaluation of effectarohg
and after the proposed IHT program. It seems thatdassification methods for differentiation the
positive/negative/no effects of intermittent hypmoyan tumor cells and their environment in stimulus-
reoxygenation periods might be very useful.
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