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FUZZY SYSTEM FOR EVALUATION OF FETAL HEART RATE
SIGNALSUSING FIGO CRITERIA

Cardiotocography is a biophysical method of fetahitwring during pregnancy and labour. It is maibBsed on recording
and analysis of fetal heart activity. The compuatdli fetal monitoring systems provide the quantitatiescription of the recorded
signals but the effective methods supporting thecksion generation are still needed. The evalnabibthe signal can be made
using criteria recommended by FIGO. Nevertheldss,quantitative description of the traces is ingsteat with qualitative nature
of the obstetric knowledge. Therefore, we applieg fuzzy system based on Takagi-Sugeno-Kang modevaluate and classify
signals. FIGO guidelines were used for developirsgtaof fuzzy conditional rules defining the systperformance. The proposed
system was evaluated using data collected with ctenized fetal surveillance system — MONAKO. Thasegification results
confirm the improvement of the fetal state evaluatjuality while using the proposed fuzzy systeippsut.

1. INTRODUCTION

Cardiotocography is a standard clinical techniqoe d&ssessment of fetal wellbeing during pregnanay kabour.
It consists in Doppler ultrasound recording of bl heart rate (FHR) and analysis of its relatlop to fetal movements and
maternal uterine contractions. Early diagnosisetfies at risk is of significant importance asnildes to avoid dangerous
situations during pregnancy which are more difti@r even impossible to manage in the newborn. diassification of the
FHR signals is based on the analysis of the basé&liR and the heart rate variability around it. Tésting level of the fetal
heart rate (the baseline FHR) ranges between 1d Q%M beats per minute (bpm). Small irregularitgafdiac rhythm around
the baseline shows that the central nervous systémact and provides good adaptation abilitiescéleration patterns, as the
temporary increases of FHR in response to fetalem®nt, are the signs of fetal wellbeing as the sgmp of the alertness of
the central nervous system. Fetal distress is lysialealed by deceleration patterns, as tempaianying of the FHR related
to dangerous oxygen deficiency.

Numerous attempts were made to formalize the @itier signals evaluation. Nevertheless, intergi@iaguidelines
provided by the International Federation of Obg&tetand Gynaecology (FIGO) [2] are commonly usetheclinical practice.
The FIGO classification criteria for antepartum FldfR based on the assessment of the baseline laaswd#celeration and
acceleration patterns. However, the visual analysgraphical patterns describing the FHR varigpiliirectly from bedside
monitor printouts, is difficult even for experientcelinicians. Moreover, the interpretation is higklubjective and dependent
on the clinical expert knowledge and experienceeréfore, the computerized fetal monitoring systeunaviding the
guantitative description of the signals are widebed and this method remains a good screening quoeelue to the high
efficiency in fetal well-being reassuring. Conseuplie effective methods for the diagnosis suppoet till the topic of many
studies [1], [5], [6].

The strict quantitative description of the FHR &®ds inconsistent with qualitative nature of thiical obstetric
knowledge. Thus, our idea was to apply the concepfazzy sets and fuzzy logic to evaluate thelfetllbeing. The fuzzy
sets and fuzzy logic [11] were used in many ardamedicine as they enable to model and deal witjugaand imprecise
information, such as inexact measurements or exXpenviedge expressed in the form of verbal desorgt Our fuzzy
system approach is based on the Takagi-Sugeno-KiéBl§) model [10], [11]. Due to its non-linearity @&simple structure,
the TSK model enables to approximate highly comglestems by means of a small number of fuzzy riNesertheless, the
determination of a set of fuzzy rules (the ruled)abat represents the knowledge of the analyzeshgrhena is the basic
problem when designing fuzzy systems. In our apgrdhe rule base was developed using the FIGO lijédefor the use of
antepartum electronic fetal monitoring.

2. FIGO CRITERIA

The FIGO is the worldwide organization that représeprofessional societies of obstetricians andaggologists in
over one hundred countries or territories. In 1986 FIGO Subcommittee on Standards in Perinatal iditesl and
subsequently FIGO Standing Committee on Perinatatality and Morbidity provided guidelines to assisthe proper use of
electronic fetal heart rate monitoring [2]. Accargito them, antenatal FHR patterns are divided timee classes: “normal”,
“suspicious” or “pathological”, representing theaflestate. The interpretation is based on analysiguantitative parameters
describing the fetal heart rate including the Haselacceleration and deceleration patterns antriteneous variability.
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The baseline FHR is defined as “the mean levehefRHR when this is stable, accelerations and dext@ns being absent”
[2]. Acceleration and deceleration episodes remtesansient deviation of the FHR around the baselvith established range
of amplitude and duration. According to the FIGQim#on, the acceleration is recognized if therease in FHR above the
baseline is of 15 bpm or more, and lasting 15 more. Deceleration is a transient episode of slgvahthe fetal heart rate
below the baseline level of more than 15 bpm asting minimum of 10 s. We considered three typedegklerations: type A
(Dp) with amplitude higher than 15 bpm and durationger than 10 s, type B gD with amplitude higher than 10 bpm and
lasting more than 25 s, and type GJWvith amplitude above 15 bpm, longer than 10 s @mthected with recognized uterine
contraction. The instantaneous variability referschanges of the fetal heart rate. There are twestyof FHR variability
distinguished: short-term variability defining clgg@s of intervals between two consecutive heartsb@zlled beat-to-beat
variability), and long-term variability with periozhl changes of beat-to-beat variability concernlmgth direction and
magnitude (called oscillations of FHR). We used 8iEV index [10] as short-term variability one, whiés the most
extensively studied parameter, showing correlatiith the presence of metabolic acidosis and ingndng death. Analyzing
the long term variability we distinguished fourfdifent types of oscillations: ‘) if the amplitudeA of long-term variability
is in the rangA[0, 5] bpm, “Q” for AO(5, 10] bpm, “Q” for AO(10, 25] bpm and “Q” for A>25 bpm. The classification
criteria for antepartum traces according to the@@esents Table 1.

Table 1. The classification of antepartum FHR digiaacording to FIGO guidelines

Quantitative Normal Suspicious Pathological
parameter
Baseline [bpm] [110, 150] [100, 110) or (150, 17Q] [0,100) or > 170
Accelerations
[number per hour > 12 (15,12] [0, 1.5]
Decelerations Do0O[0,15)and =0 Da>1.50ry 0[O0, 1.5)
[number per hour] and =0 or Dc 0 [0, 1.5) Dg=150rRx=1.5
STV [ms] [6, 14] >14 [0, 6)
Oscillations 0O, =0 and @O [0, 40)
[%] and Q, = 0 0, 0 [0, 40) and @> 40 0Op> 40

As the clinician diagnosis expressed in the formatiral language statements is difficult to preosih the computer
algorithm, we defined the scoring system (namednas-fuzzy” in the following considerations), costnt with FIGO
guidelines. Similarly to [3] we assigned the scof@, 1 or 0 points to parameter, which value ithi@ “normal”, “suspicious”
or “pathological” range, respectively. For the pase of clarity and consistency in interpretatidmg total score of the signal
was considered “normal” if the score was in thegean8+10, “suspicious” with the score: 5+7 or “patyical” with
the score< 4.

Nevertheless, the strict quantitative descriptiérihe FHR traces is inconsistent with qualitativeture of obstetric
knowledge. The exact limits of quantitative parametrepresent the uncertain boundaries betweemlpgibal and normal
fetal state. For example, the STV value equal @ongs is regarded as pathological, however the 6. Alneady represents the
fetal wellbeing. Therefore, we proposed the fuzzyimg system based on TSK model for FHR signaluatin.

3. FUZZY SCORING SYSTEM

Takagi-Sugeno-Kang fuzzy model generates infereasalts with fuzzy if-then rules. To define the Zyzscoring
system based on FIGO criteria we used single iapdtsingle output form of the rules:

(i) . o i
JsiDsl R if (Xo ISA())then y() = f, (Xo) @)

where:| denotes the number of ruleg,is the inputA® is the linguistic value of linguistic variable the antecedent of the
rule, represented by a fuzzy set with the membprsimiction y(i) (x) , y(i) is the rule output value antj(xo) is a consequent
function. The overall TSK fuzzy system output ifcatated as weighted average of single rules output

> 4 (%) ¥
Yo = H— . (2)
> 1 (%)

i=1

The equation (2) defines the TSK system as theumgxbf experts (models). The output value of thetey is
evaluated as a linear combinationlodutputsy® of local models, each represented by a singleyfuae. Overlapping of
fuzzy sets from premises guarantees smooth swigdhétween models. We used the TSK fuzzy modelvaluating the fetal
state. The system rule base was determined usitey addlected with computerized fetal surveillangstem and FIGO
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guidelines. The input linguistic variables of thgstem are the quantitative parameters of the FHiasi baseline,
accelerations, decelerations, STV and oscillatidie linguistic values of these variables are tmeges characterizing the
normal, suspicious and pathological fetal statee Tihguistic values are represented by fuzzy seffined using the
membership functions. We applied the following #zgidal membership function:
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wherea, b, ¢, dare function parameters. The exact shape of tebmeship function is not crucial. The most impottm the
accurate model of reasoning is the population fitarherefore, the basic points of the memberdhition were acquired
from statistics of the investigated database. Twlstantial pointd andc were determined by the lower and upper quartile fo
the set of values of the given quantitative par@ameteasures. The other twibandd were determined to get the 0.5 value of

the membership for the range limits (see Fig. 1).
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Fig. 1. The general idea of the membership fundiiefining the “normal” range of a parameter quatitiely describing a given FHR
feature.

If we denote the lower limit of the range lagnd the upper as, then the membership function parameteendb are

given as:

a=20-b, d=

2[L-c.

(4)

The resulted values of membership function paramsetee shown in Table 2. An example of the memljerfsimctions

referring to the FHR baseline is shown in Fig. 2.

Table 2. Parameters of the membership functioneaxied with particular FHR features

Parameter Basdline
range [0,100) [100, 110) [110, 150] (150, 170] > 170
a b 0.00 0.00 98.5 1015 83.43 136.97 148.07 151|93 167.8G2.1%
c d 98.08 101.92 108.26 111.74] 144.77 155.23 157.89 18211 -
Accelerations Da
[0, 1.5] (1.5, 12] >12 [0, 1.5) >15
0.00 0.00 -1.13 4.13 10.50 13. 0.00 0.9qo 120 01B
0.00 3.00 8.88 15.12 - - 0.00 3.0( - -
Dg D¢
0 [0, 1.5) >15 0 [0, 1.5) >1.5
0.00 0.00 0.00 0.00 1.20 1.8 0.00 0.00 0.00 0.po 221 1.78
0.00 0.00 0.00 3.00 - - 0.00 0.04 0.00 3.00 - -
STV Oo
[0, 6) [6, 14] >14 0 [0, 40) > 40
0.00 0.00 5.39 6.61 8.19 19. 0.00 0.Jo 0.00 0.p038.60 41.40
5.38 6.62 8.19 19.81 0.00 0.0 0.00 0.Jo 7.90 72|10 - -
(0] O
[0, 40) >40 0
0.00 0.00 37.50 42.5( 0.00 0.0
29.40 50.60 - - 0.00 0.00T
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The rules output is defined as a score for a gramge of the FHR parameter. In other words, theesdetermines the
location of the fuzzy singleton in consequent. Assult, we got the following definition of conseau functions:

yW=1(x)=d, (5)
where pg) is the score for thieth range.
Ha(X) .
10 [0,100)  [100,110)  [110,150)  [150,170) >170
N ——
80 100 110 150 170 200 ]
Baseline
[bpm]

Fig. 2. Example of the membership functions cateddor the FHR baseline

We have 25 different ranges for all the analyzedRR¥arameter provided by FIGO guidelines. Thus,rtie base of
the fuzzy system is comprised lof 25 fuzzy rules, one for each range. The overaiput value of TSK fuzzy system (2)
defines the final score for the FHR signal. Thenalgvas considered “normal” if the fuzzy score was.5, “suspicious” with
the score in the range [4.5, 7.5) or “pathologiceith the score < 4.5.

An example of the fuzzy scoring process, determioedne input (accelerations) is shown in FigW& assumed two
accelerations per hour as a result obtained froencttimputerized analysis. Its membership value ¢oréimge [0, 1.50] is
nW(2)=0.3333, to the range (1.5, 12}1i€(2)=0.5951, and to the range >12 is equal®§2)=0.0000. According to (2) we got
the overall accelerations scoyg=0.6410. From the non-fuzzy scoring system we d@ $core number equal to 1.
Both indicate the “suspicious” pattern of the FH&nsl.

4. RESULTS

The research material used in our experiments otnthae results of quantitative analysis of sigriedsn bedside fetal
monitors. The original, raw research database dexdul419 records collected with computerized fetaleillance system
MONAKO [4] from 193 unselected patients of the @bstal Department of Medical University of Silesia Katowice.
After removing the incomplete data as well as tsamcorded during labour, we obtained the databasgprised of 913
antepartum records from 77 patients.

Ha(x)

us(y)

[0, 1.5] Pathological
10|, 1.0
\ 03333
E\ ——1— —
2
075 10 15 20 Accelerations 0 1 2 geore
Ha) (15,12] #e(y) Suspicious #s(Y)
1.0 1.0 1.0
:, \ 0.5951
i f \ f f f
0 5 10 15 20 Accelerations 0 1 2 geore 011 2 geore
4a(X) >12 #s) Normal Final score
1.0 = 1'07, 0.6410
: 0.0000
; —f—t— —f—t
0°5 10 15 20 Acceleraions 0 1 2 Score

Fig. 3. Example of fuzzy rules defined for the dergion patterns being the positive feature ofRRER trace
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Taking into account the fact that with the progrespregnancy the features characterizing the sga& changing, we
decided to use only the earliest patient recoias fhean gestational age was 35 weeks) to evaloatgquality of the fuzzy
scoring system. As the reference we applied thefamry scoring system based on FIGO criteria. Tégited results of the
classification (the confusion matrix) are showT able 3.

Table 3. The classification results using fuzzy and-fuzzy scoring systems

Fuzzy
Non-fuzzy | Pathologica Suspicious Normal
Pathological 10 5 0 15
Suspicious 5 52 0 57
Normal 0 0 5 5
15 57 5

In five cases the fuzzy system classified the nooimig signals as “suspicious”, whereas the evadnatif non-fuzzy
system was “pathological”. For the same numberasks the non-fuzzy system provided the result fsizsfs”, whereas the
classification result of fuzzy scoring system wasathological”. The overall number of correct cléissi cases expressed as
the percentage of the data set size (CC) was ég&31.01%. To evaluate the performance indexesitbaty (SE), specificity
(SP), positive (PPV) and negative (NPV) predictratues we applied two approaches. In the firsthedl“suspicious” patterns
were considered to be “pathological”, whereas i $bcond the “normal”. The obtained classificatiesults are shown in

Table 4.

Table 4. The performance of the proposed fuzzyisgaystem

Performance Suspicious as Suspicious as
index pathological normal
SE 100.0% 66.67%
SP 100.0% 91.94%
PPV 100.0% 66.67%
NPV 100.0% 91.94%
CC 100.0% 87.01%

In the first approach we got the same classificatesults for both the scoring systems. Howevethasecond — ten
cases were misclassified. To summarize, we cathggierfect fuzzy system compatibility with non-Zyzscoring system only
when considering the “suspicious” pattern as “plaifical’. We got the differences in diagnosis fentpatients when
classifying the “suspicious” pattern as “normalrRll patients, the differences in the overallrecoere the result of scoring
the quantitative parameters having values closethdorange limits separating “suspicious” and “péaibical’ fetal state.
The detailed results are shown in Table 5.

Table 5. The score results for fuzzy and non-fugstems, for the cases diagnosed differently

Patient number 24 43 47 51 55 59 62 64 65 16
Non-Fuzzy score 4 4 5 5 4 5 4 5 5 4
Fuzzy score 4.69 4.76 4.37 4.43 4.66 4.26 5/38 4.42 .43 4.99

The biggest difference 1.38 point was obtainedHerpatient number 62. When considering the quaivit data of this
patient record, the biggest difference in the sewas the result of STV measure that was equal@815ms. The non-fuzzy
score of STV is then 0. But for the fuzzy scoriggtem, we could have observed that the membersiige o the range [0, 6)
was 0.5153 and to [6, 14) was 0.4844. Therefoeetdtal fuzzy score was equal to 0.9689 points.tRersame reasons there
were differences in the overall score for otheesadlevertheless, the results of fuzzy scoringesysire more consistent with
the qualitative nature of obstetric knowledge alsd auman reasoning.

5. CONCLUSIONS

In the presented work, we investigated the abdityhe application of the fuzzy scoring systemdwealuating the fetal
wellbeing. We constructed Takagi-Sugeno-Kang fuamdel based on FIGO guidelines that were providedssist in the
proper use of electronic fetal monitoring. The paeters of the fuzzy rules were acquired from gtaof the data collected
with computerized fetal surveillance system. Thpegiments showed high compatibility of the fuzzyhmion-fuzzy scoring
system. Nevertheless, the fuzzy system was motabdeifor representing the uncertain boundariesdsen pathological and
normal fetal state and providing the qualitativeessment of the FHR patterns.
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