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Abstract  

 

BACKGROUND: Abdominal uterine electromyograms (uEMG) studies have focused on uterine 

contractions to describe evolution of uterine activity and preterm birth (PTB) prediction. Stationary, non-

contracting uEMG has not been studied.  

AIM: To investigate recurring patterns in stationary uEMG, their relationship with gestation-age and 

PTB, and PTB predictivity. 

METHODS: A public database of 300 (38 PTB) 3-channel (S1-S3) uEMG recordings of 30 minutes, 

collected between 22-35 weeks’ gestation was used. Motion and labour-contraction free intervals in 

uEMG were identified as 5-minute weak-sense stationarity intervals in 268 (34 PTB) recordings. Sample 

entropy (SampEn), percentage recurrence (PR), percentage determinism (PD), entropy (ER) and 

maximum length (LMAX) of recurrence were calculated and analysed according to time-to-delivery and 

PTB. Random time series were generated by random shuffle (RS) of actual data.  

RESULTS: Recurrence was present in actual data (p<0.001) but not RS. In S3, PR (p<0.005), PD 

(p<0.01), ER (p<0.005), LMAX (p<0.05) were higher, and SampEn lower (p<0.005) in PTB. Recurrence 

indices increased (all p<0.001) and SampEn decreased (p<0.01) with decreasing time-to-delivery 

suggesting increasingly regular and recurring patterns with gestation progression. All indices predicted 

PTB with AUC≥0.62 (p<0.05). 

CONCLUSION: Recurring patterns in stationary non-contracting uEMG were associated with time-to-

delivery but were relatively poor predictors of PTB. 
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1. Introduction 

 

The electrical properties of the abdominal uterine electromyogram (uEMG) after 24 weeks of pregnancy 

have been studied extensively over the past two decades, encouraged by the clinical interest for a non-

invasive approach to uterine contraction monitoring and the prediction of time-to-delivery and preterm 

birth (PTB).  

Abdominal uEMG signals have been studied in both time and frequency domains. Amplitude changes 

during contractions [8,19,22], time interval between contractions [19] and propagation properties [9, 21] 

have been shown to predict PTB. Nonlinear dynamics have also been successfully explored. Sample 

entropy, a measure of complexity (or conversely, regularity) of uEMG, was found to be a promising 

predictor of PTB in a study of 300 pregnancies [4]. Time reversibility, an indicator of nonlinearity in time 

series, was shown to discriminate between non-labour and labour contractions [9]. Devedeux and 

coworkers [2], in a review of uterine electromyography, showed that human myometrial (internal) and 

abdominal uEMG changes occur in phase with intrauterine pressure and exhibit similar spectra, including 

a slow wave in the frequency band 0.01–0.03 Hz likely caused by mechanical artefacts, and a fast wave. 

The latter was subdivided by Marque and colleagues [16] into a low frequency band (LFB: 0.2–0.45 Hz) 

associated with contractions during gestation, and a high frequency band (HFB: 0.8–3 Hz) associated with 

labour contractions. Accordingly, Garfield and colleagues [5] suggested that changes in the electrical 

properties of the uterus occur in the preparation for labour to make the myometrium more excitable and 

responsive in order to produce effective contractions capable of dilating the cervix. Maner and colleagues 

[15] have shown in a retrospective study on 99 subjects that peak frequency (fP) of the power spectral 

density distribution (PSD) increased as the measurement-to-delivery interval decreased. Consistent results 

were reported by Garfield and colleagues [6] in a study of 50 subjects, in which those who delivered 

within 24 hours of recording had higher fP than those who delivered later. The ability of spectral analysis 

to identify contractions leading to PTB was confirmed by Marque and colleagues [17].  However, uterine 

contractions occur infrequently preceding labor and may not be present during a typical abdominal uEMG 



recording of 30 minutes duration. To our knowledge, wide-sense stationary (WSS) intervals, defined here 

as motion artefact-free and contraction-free intervals, have not been studied.  

We hypothesise that contraction-free WSS intervals may exhibit deterministic, recurring patterns which 

could add further to our understanding of the mechanisms of myometrial preparation for labour and 

potentially contribute to the prediction of PTB. Recurrence analysis, originally presented by [1], has been 

applied to the dynamical assessment of physiological systems [1, 24]. The method is based on a graphical 

representation – termed recurrence plot (RP) – in which similar (recurring) sub-segments of a time series 

form diagonal lines on a state-space representation. 

The aim of this study was threefold: i) to investigate the presence of recurring patterns in WSS intervals 

of uEMG; ii) to assess the relationship of recurrence indices with time-to-delivery and PTB; iii) to assess 

the potential contribution of these indices to PTB prediction. 

 

2. Methods 

 

2.1 Study population 

 

A public database of 300 recordings of uterine electromyograms collected from 300 women between the 

22nd and 35th week of gestation was used (http://www.physionet.org/pn6/tpehgdb) [7]. None of the 

women were in labour at the time of recording. For women delivering at term, the time-to-delivery was 

calculated as the difference between gestation duration and the time of recording. All recordings had a 

time-to-delivery between 2 and 22 weeks. This interval was divided into 4 equally sized non-overlapping 

bands of 5 weeks for subsequent analysis: Period 1, 2 to 7 weeks: Period 2, 7 to 12 weeks: Period 3 12 to 

17 weeks: and Period 4, 17 to 22 weeks. 

Each record consisted of 3 channels, recorded simultaneously from 4 electrodes placed at the corners of a 

square 7 cm apart and centred on the umbilicus as follows: 3.5 cm to the left and 3.5 cm above the 

umbilicus (E1); 3.5 cm to the right and 3.5 cm above the umbilicus (E2); 3.5 cm to the right and 3.5 cm 

below the umbilicus (E3); 3.5 cm to the left and 3.5 cm below the umbilicus (E4). The 3 channels were 



acquired as: S1=E2–E1 (upper abdominal pair); S2=E2–E3; S3=E4–E3 (lower abdominal pair). Signals 

were digitized at 20 samples/s per channel with 16-bit resolution over a range of ±2.5 mV. Additional 

subject information was stored to a separate file for each record. Relevant subject information is 

summarized in Table 1.  For each recording, three types of filtered data were available (0.3-3 Hz, 0.3-4 

Hz, 0.08-4 Hz) as well as the unfiltered raw data. We chose to use the signals filtered in the band (0.08-4 

Hz) in order to comply with previous studies [4, 22] while preserving the largest pass-band. To simplify 

the computational burden without loss of information, signals were down-sampled to FS = 10 samples/s 

using a zero-phase anti-aliasing low-pass filter.   

 

2.2 Identification of stationary intervals 

 

Data stationarity was assessed in the “weak sense” (WSS), namely verifying time-invariance of the 1st and 

2nd order statistical moments. The purpose was to identify contraction-free and motion artefact-free 

intervals of electrical activity. 

The method used in this work was inspired by [14, 20]. Each signal of 30 minute duration (S1, S2, S3) 

was processed using a 5 minute sliding window  (advancing by 1 s at each iteration) divided into 4 non-

overlapping sub-windows ΔWj (j=1,…,4) of 75 s each. Each window ΔWj was treated as an independent 

observation of an N-dimensional (N=75*FS) random variable ξ. Time invariance of the 1st order moment 

(mean) of ξ was assessed by the non-parametric Mann-Whitney test for univariate analysis of variance. 

Time invariance of the 2nd order moment (variance) was assessed by the non-parametric Levene test. For 

both tests a significance level of α=0.05 was used. Thus, p values greater than 0.05 indicated non-

significant difference between samples (observations of ξ), which indicated stationarity of the 5-minute 

window being analysed. In the event of multiple instances of stationary excerpts in a recording, the first 

one in chronological order was retained for analysis. The choice for non-parametric tests was made to 

overcome the assumption of normally distributed data of parametric tests.        

 

2.3 Assessment of nonlinearity 

  



To test the hypothesis of the presence of nonlinear dynamics in WSS excerpts, the time reversibility test 

which a previous study [10] reported as the strongest predictor of nonlinearity in abdominal uEMG 

signals, was used. Briefly, this method is based on the null hypothesis that the time series of interest is 

originated by a Gaussian linear stochastic process (GSP). In this method, a GSP model is fitted to the 

original data, and N(=1000) surrogate time series are generated by the GSP process. A time reversibility 

metric (Tr) is calculated from the original data (TrORIG) and from each surrogate time series (TrSURR). The 

difference dTr = TrORIG – TrSURR is calculated for each surrogate time series, and the distribution dTr is 

tested (Wilcoxon’s rank test, 2-sided, α = 0.05) against the null hypothesis that the original data –just like 

the surrogate– comes from a linear GSP process. In the presence of nonlinearity, the p value of the test 

statistics will exceed the significance level (α = 0.05) and the null hypothesis will be rejected. 

 

2.4 Random shuffle of uEMG 

  

To quantify the presence of recurring patterns and predictability in the time series, the random shuffle 

(RS) method proposed by Hausdorff [11] was adopted. This method is based on the idea that shuffling the 

samples of a time series randomly does not alter the expected value, nor the variance of the time series, 

while it does remove any “memory effect”, and hence any predictable or recurring pattern.  

We quantified the presence of recurring and predictable patterns in the uEMG by comparing the 

recurrence and sample entropy indices for the original and the randomly shuffled data. 

 

2.5 Recurrence analysis 

 

To assess the presence of repeated (predictable) dynamics in uEMG the recurrence plot, an established 

phase-space based method, was used. Recurrence plot has successfully been applied to physiological time 

series to assess the regularity of the underlying system’s dynamics [1, 18, 24]. An extensive presentation 

of the method can be found in [1,3,23]. Briefly, for a given time series the method is based on a graphical 

representation of the similarity of subintervals of fixed length m, known as the embedding dimension. On 



a square matrix R, each point at coordinates (i,j) represents the similarity between two subintervals xi and 

xj both of length m (auto-recurrence analysis). Mathematically: 
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Where ‖∙‖ represents the Euclidean distance operator, xi = (xi … xi+m-1)T, and (∙)T is the transposed operator. 

This formulation assumes a delay constant τ = 1 (1 sample), a typical value for discrete time series [23]. 

By construction, paths forming diagonals indicate repeated (recurrent) patterns. 

This method offers the advantage of not requiring the definition of a model describing the system’s 

dynamics, nor the assumption of data stationarity.  

Previous studies [1, 24] have demonstrated that percentage recurrence (PR), percentage determinism (PD) 

and entropy of recurrence (ER) quantify many of the important characteristics of recurring dynamics in 

physiological signals. Mathematically these indices are expressed as follows: 
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Where Hl is the proportion of diagonals of length l in the recurrence matrix R, pl is the probability that a 

diagonal has length l. The index l ranges from LMIN to the length N of the time series being analysed.  



By definition, PR expresses the recurrence rate, indicating the percentage of recurring segments xi in the 

time series; PD is a measure of the deterministic structure of the time series, quantifying the patterns 

forming diagonal lines (sustained recurrence) on the recurrence matrix R; and ER quantifies the 

distribution of diagonal lengths. 

In the present study, in addition to the above indices, the maximum length of recurrence (LMAX) was also 

considered:  
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Where ND is the number of diagonal lines in the RP, and lk is the length (number of points) of the kth 

diagonal line. 

This was done to investigate the degree of nonlinearity in the system’s dynamics. Indeed, periodic 

patterns in the time series (deterministic, linear dynamics) will result in long diagonal lines [23], whereas 

non-periodic patterns (non-deterministic, nonlinear dynamics) will result in shorter diagonals. In purely 

chaotic time series, diagonal lines do not appear (our results on random shuffle of the data time series are 

consistent with this property). 

The embedding dimension m was empirically set to 2 s (20 samples), which was sufficiently high to 

satisfy the false nearest neighbour criterion [12] with tolerance threshold of 10%. The minimum length of 

diagonals (LMIN) was set to 2 s (20 samples). The threshold ε was set case by case according to the 

criterion proposed by [1], namely 15% of the 95th percentile of the between-point distance distribution, 

which varied with each subject. An example illustrating the recurrence plot is shown in Figure 1. 

 

2.6 Sample entropy 

 

Sample entropy (SampEn) was also considered in this study. To calculate SampEn, the original time 

series is divided into sub-sequences of size m (embedding dimension). A metric is defined to quantify the 



distance between any two sub-sequences of length m. The number of pattern matches (within a threshold 

distance r), is calculated for each value of m. Mathematically: 
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Where Bi is the number of sub-segments of length m whose Euclidean distance does not exceed a fixed 

threshold r, and N is the length of the time series.    

SampEn quantifies the probability of matching sub-sequences of length m to also match for length m+1. 

Hence, higher values of SampEn indicate higher complexity (or irregularity) of the time series. We used 

the values reported in a previous study [4] for m (=3) and r (=0.15 times the standard deviation of the time 

series). To allow comparison with [4] SampEn was calculated for the full 30 minute recording 

(SampEn30) as well as for the 5 minute stationary intervals. 

 

2.7 Statistical analysis 

 

Between-group differences were assessed by the Mann-Whitney U-test. Post-hoc analysis for multiple 

comparisons was done by the Tukey-Kramer test. All tests were two-tailed, with a significance level α = 

0.05.  Receiver operating characteristic (ROC) analysis was computed to quantify the predictive ability of 

individual indices to predict PTB. Sensitivity (Se = TP/(TP+FN), TP = true positive (correctly classified 

preterm), FN = false negative), Specificity (Sp = TN/(TN+FP), TN = true negative, FP = false positive), 

accuracy (Ac = (TP+TN)/(TP+TN+FP+FN)) were calculated together with the positive (LR+ = Se/(1-

Sp)) and the negative likelihood ratio (LR- = (1-Se)/Sp). For each index, the optimal threshold was 

identified as the point on the ROC curve with shortest Euclidean distance to the point corresponding to 

sensitivity and specificity of 1. 



ROC analysis was done using SPSS Statistics™ v1.20 software (IBM Corp., Armonk, NY, USA). Other 

statistical analysis was done using MATLAB™ R2011b Statistical Toolbox™ software (The Mathworks, 

Natick, MA, USA). 

 

3. Results  

 

3.1 Group differences in clinical variables  

 

Gestation at recording was similar in women who delivered at term (37-42 weeks of pregnancy) and 

preterm (<37 weeks of pregnancy) (Table 1).  A history of “bleeding in 2nd trimester” was more common 

in the preterm birth group. However, the highly unbalanced distribution of observations with low 

numbers of positives (“Yes”) for this parameter suggests caution in interpreting the χ2 statistic. 

 

3.2 Recurring patterns in baseline stationary intervals 

   

A 5-minute stationary interval was found in the vast majority of signals. In particular, 268 recordings (32 

of which were from the preterm group) had WSS in S1, 266 recordings (34 preterm) in S2, and 267 (31 

preterm) in S3. Stationary intervals were detected 6 ± 6 minutes (mean±sd) into the recording.  

According to the time reversibility test of nonlinearity, the majority (83%) of WSS excerpts were 

nonlinear in at least one channel (50% in S1, 68% in S2 and 56% in S3) confirming the suitability of 

nonlinear methods used in the analysis.  

The absence of recurring patterns in time series was determined by a null value of the maximum length of 

recurrence (LMAX). Conversely, recordings whose maximum length of recurrence was greater than zero 

had, by definition, recurring patterns.  Recurring patterns were present in actual data but not in RS data, as 

shown in Table 2. RS data had higher SampEn (higher complexity) than original data (all p<0.001) 

showing that the random shuffling process effectively removed the predictability of the time series. 

 

3.3 Nonlinear dynamics in women who delivered preterm and term 

  



In the lower abdominal channel (S3) recurrence indices were higher in women who delivered preterm (all 

p<0.05), as shown in Table 3 and Figure 2. Consistently, SampEn for the stationary intervals was lower 

(p<0.005) in the preterm group. Indeed, SampEn is a measure of complexity of the time series, whereas 

recurrence indices quantify the presence of repeated behaviour; hence, an inverse relationship with 

SampEn is expected. SampEn calculated over the entire recording (SampEn30) in channel S3, had 

reduced significance compared to that from stationary intervals (p<0.05 vs. p<0.005). 

 

3.4 Nonlinear dynamics in advancing pregnancy stage 

 

The difference in time-to-delivery across periods was significant for all indices, for all channels (all 

p<0.005 in S1, S2; all p<0.01 in S3, Table 4) showing a trend for increasing values of recurrence indices 

(PR, PD, ER, LMAX) and decreasing complexity index (SampEn), with shorter time to delivery. Post-hoc 

multiple group comparison showed a significant change (p<0.05, Table 4) comparing the earliest stages 

of gestation (Period 3, Period 4) to the later stage (Period 2), in all channels, for all indices except 

SampEn in S3 (Figure 3). Compared to SampEn, SampEn30 showed a reduced ability to discriminate 

between time-to-delivery strata (Table 4). 

 

3.5 ROC Analysis for prediction of preterm birth 

 

All indices from 5 minute stationary intervals in channel S3 were significant predictors of PTB (all 

p<0.05, Table 5). The area under the curve (AUC) was the highest for ER which also had the highest 

positive likelihood ratio (LR+), however the overlapping 95% CI of AUC indicate that none of the indices 

was a significantly better predictor than the others. Unlike SampEn, SampEn30 was unable to predict 

preterm birth (p=0.08). 

 

 

4. Discussion 

 

In this study the dynamics of baseline stationary intervals in abdominal uEMG recordings of gestation 

were analysed by nonlinear methods based on recurrence and regularity quantification. Unlike previous 



works on abdominal uEMG focusing on pregnancy and labour contractions, the primary goal of the 

present work was to quantitatively assess the presence of recurring and predictable behaviour in stationary 

intervals outside of contractions, and their relationship to time-to-delivery interval and PTB prediction. In 

each channel, we found at least 266 (of 300) recordings that satisfied the weak-sense stationarity 

criterion, confirming the broad applicability of the method. 

The presence of recurring patterns was shown (Table 2) in both preterm and at term delivery by 

comparing the data to a randomly shuffled version. Recurring patterns and regularity of stationary 

intervals were prominent in preterm compared to term delivery (Table 3), and increased with decreasing 

time-to-delivery (Table 4), suggesting increasingly regular and recurring patterns (increased degree of 

determinism) in later gestation and PTB. This hypothesis is consistent with the results presented by 

Hassan and colleagues [9] who showed more organised propagation of abdominal uEMG in labour 

contractions compared to non-labour contractions; and also with Garfield and colleagues’ hypothesis [5] 

suggesting that changes in the electrical properties of the uterus occur in the preparation for labour. Our 

study suggests that these changes can be detected in relatively quiescent periods of uterine electrical 

activity.  

Significant differences in term compared with preterm groups were only observed in the bipolar signal S3 

(Table 3), which was measured on a horizontal electrode axis, in the lower region of the abdomen, closer 

to the cervical-isthmic section [4]. This suggests that the abdominal location and bipolar electrodes 

orientation may play an important role in determining the information conveyed by the electromyogram, 

which the nonlinear analysis aims to identify.   

Sample entropy has been used in a previous study [4] on the same dataset, utilising the 30 minute 

recordings rather than 5 minute stationary excerpts used in our study. Interestingly, a similar 

discrimination ability between preterm and term birth was obtained in the above study, and also between 

earlier (<26 weeks) and later (≥26 weeks) gestation age, in spite of the longer observation window and the 

random presence and strength of contractions contained therein. As descriptive statistics (median and 

inter-quartile range) and AUC of sample entropy were not reported by [4], we calculated SampEn30 to 



compare the predictive ability of the index in WSS intervals to that of the entire recording. Interestingly, 

only when calculated in stationary intervals was sample entropy a significant predictor of preterm birth 

(Table 5). Since stationary intervals were detected early in the recordings (on average within 6 minutes of 

the 30 minute recording) the analysis based on 5 minute stationary intervals has potential for reducing the 

required recording time compared to other analyses which is an important consideration in this 

population.  

It should be noted that in our study all indices (including sample entropy) were calculated on down-

sampled signals (10 samples/s vs. 20 samples/s). Although this may have influenced the calculated value 

of sample entropy (halving the sampling rate implies doubling the time span of the embedding dimension 

m), it is likely to be a minor factor as both SampEn and SampEn30 were calculated on the down-sampled 

signals, and the original signals were filtered in the frequency band 0.08 – 4 Hz.   

Although individual indices from stationary intervals were all significant predictors of preterm birth 

(Table 5), their predictivity was relatively poor compared to previous studies using uEMG parameters 

derived from the analysis of contractions [13,17,19]. It should however be noted that in [13] and [19] the 

time of recording was much closer to delivery than in the dataset used in this study (7 and 14 days, 

respectively). Furthermore, a substantial difference in sample size between this study (N=300) and [13] 

(N=116), [17] (N=107) and [19] (N=87) may have played a role, as may have the difference in devices 

used for recording (sample rate, sample resolution), the number and position of electrodes, as well as 

environmental factors. As the dataset used in this study is public, investigation from other groups will 

prospectively allow comparison of results.  

Further investigation of the relationship between gestational age (and time to delivery) and the nonlinear 

indices, considering term and preterm cases separately, is also warranted.  

The public dataset used in this study only included 38 recordings from women who subsequently 

delivered preterm. This dataset of 300 recordings was a selected subset of more than 1200 recordings (not 

publicly available).  Replication on a larger dataset from an unselected population is required to validate 

the proposed analysis of stationary intervals. 



In conclusion, to the authors’ knowledge this is the first study to quantitatively characterise stationary 

intervals in uEMG during gestation by recurrence analysis.  The results provide quantitative evidence to 

support the hypothesis of changes occurring in the electrical properties of the uterus with advancing 

gestation, but recurrence indices in stationary intervals do not improve existing PTB prediction. 
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Figure Captions 

 

 

Figure 1. Example of a recorded signal S3 from women who subsequently gave birth preterm (36.4 

weeks) (left) and term (38.6 weeks) (right), with the corresponding recurrence plot. Preterm birth is 

associated with higher values for PR(6% vs. 2%), PD (40% vs. 23%), ER (4.83 vs. 4.26), and LMAX (123 

vs. 83), and lower SampEn (0.85 vs. 1.09). 

 

 

Figure 2. Distribution of recurrence indices (PR, PD, ER, LMAX) and sample entropy (SampEn) in 

preterm vs. term birth, for channels S1-S3. Shaded rectangles represent the inter-quartile range with 

median value, whiskers indicate 10th and 90th percentile, dots indicate 5th and 95th percentile. Significant 

between-group differences are indicated by horizontal brackets with p value.  

 

 

Figure 3. Distribution of recurrence indices (PR, PD, ER, LMAX) and sample entropy (SampEn) in term 

birth with respect to time to delivery, for channel S3. Shaded rectangles represent the inter-quartile range 

with median value, whiskers indicate 10th and 90th percentile, dots indicate 5th and 95th percentile. 

Significant between-group differences (post-hoc analysis) are indicated by horizontal brackets with p 

value. 

 

 



Tables 

 

Table 1. Subject Information. 

 Term delivery  

(N = 262) 

Preterm delivery  

(N = 38) 

p value 

 N(†) Mean ± SD N(†) Mean ± SD  

Age [years] 217 29.4 ± 4.7 36 29.4 ± 4.8 N.S. 

Time of recording [weeks] 262 26.8 ± 4.1 38 27.0 ± 3.8 N.S. 

Gestation at delivery [weeks] 262 39.7 ± 1.1 38 34.4 ± 2.4 <0.001 

Interval between recording and delivery [weeks] 262 12.9 ± 4.3 38 7.4 ± 4.1 <0.001 

No. of previous deliveries 72 1.3 ± 0.6 12 1.2 ± 0.6  

No. of previous abortions 40 1.4 ± 0.7  7 1.4 ± 0.8  

Bleeding in 1st Trimester Yes 

No 

Unknown 

28 

213 

21 

 4 

27 

7 

 N.S. 

Bleeding in 2nd Trimester Yes 

No 

Unknown 

4 

237 

21 

 3 

28 

7 

 <0.01 

Smoker Yes 

No 

Unknown 

12 

157 

93 

 1 

18 

19 

 N.S. 

(†) Number of recordings in which the given parameter was available 

 

 



Table 2. Quantification of recurrence in preterm and term groups by comparison of original vs. random 

shuffled data. Values are Median(IQR) 

 
Signal NTOT (NPRE) Index 

Shuffled Data  Original Data  p value 

(Shuffled vs. Original) 

Preterm 

S1 268(32) 
LMAX 0(0)   62(34)  <0.001 

SampEn 2.42(0.12)   1.25(0.33)   <0.001 

S2 266(34) 
LMAX 0(0)   65(59)  <0.001 

SampEn 2.37(0.12)  0.92(0.61)   <0.001 

S3 267(31) 
LMAX 0(0)   61(53)  <0.001 

SampEn 2.38(0.13)   1.10(0.45)   <0.001 

Term 

S1 268(32) 
LMAX 0(0)   51(43)  <0.001 

SampEn 2.42(0.13)   1.25(0.36)   <0.001 

S2 266(34) 
LMAX 0(0)   63(48)  <0.001 

SampEn 2.41(0.12)   1.02(0.49)   <0.001 

S3 267(31) 
LMAX 0(0)   52(34)  <0.001 

SampEn 2.42(0.12)   1.26(0.37)   <0.001 

NTOT: total number of recordings with 5 min WSS excerpt; NPRE: number of preterm delivery recordings 

with 5 min WSS excerpt  

 

 



Table 3. Preterm vs. term effect on individual indices. Values are Median(IQR) 

Signal NTOT(NPRE) Index Preterm Term p value 

S1 268(32) 

PR 0.9(1.9) 0.7(2.1) N.S. 

PD 21.8(15.2) 18.1(17.2) N.S. 

ER 4.22(0.80) 4.25(1.10) N.S. 

LMAX 62(34) 51(43) N.S. 

SampEn 1.25(0.33) 1.25(0.36) N.S. 

SampEn30 1.08(0.36) 1.11(0.44) N.S. 

S2 266(34) 

PR 2.4(4.1) 1.8(3.1) N.S. 

PD 23.6(21.2) 22.4(16.2) N.S. 

ER 4.50(0.49) 4.38(0.49) N.S. 

LMAX 65(59) 63(48) N.S. 

SampEn 0.92(0.61) 1.02(0.49) N.S. 

SampEn30 0.79(0.39) 0.84(0.46) N.S. 

S3 267(31) 

PR 2.0(4.6) 0.8(2.0) <0.005 

PD 21.9(24.1) 18.3(13.3) <0.01 

ER 4.45(0.67) 4.26(0.68) <0.005 

LMAX 61(53) 52(34) <0.05 

SampEn 1.10(0.45) 1.26(0.37) <0.005 

SampEn30 0.91(0.35) 1.05(0.43) <0.05 

 NTOT: total number of recordings with 5 min WSS excerpt; NPRE: number of preterm delivery recordings 

with 5 min WSS excerpt.  

 



Table 4. Time-to-delivery effect on individual indices (term birth recordings). Values are Median(IQR) 

  Time-to-delivery [weeks]  Multiple Comparison 

Signal Index Period 1 

2-7 weeks 

Period 2 

7-12 weeks 

Period 3 

12-17 

weeks 

Period 4 

17-22 

weeks 

p value* p value† 

Periods 

1-3 

p value† 

Periods 

1-4 

p value† 

Periods 

2-3 

p value† 

Periods 

2-4 

S1 

(N=12/93/84/47) 

PR 1.6(4.2) 1.5(3.1) 0.4(1.0) 0.3(1.2) <0.001 N.S. <0.05 <0.05 <0.05 

PD 24.9(18.2) 22.4(19.7) 16.2(12.0) 14.0(13.0) <0.001 N.S. <0.05 <0.05 <0.05 

ER 4.51(0.41) 4.39(0.66) 4.12(1.05) 3.81(1.26) <0.001 N.S. <0.05 <0.05 <0.05 

LMAX 81(64) 68(52) 47(31) 44(24) <0.001 N.S. <0.05 <0.05 <0.05 

SampEn 1.16(0.35) 1.16(0.37) 1.30(0.28) 1.33(0.43) <0.005 N.S. N.S. <0.05 <0.05 

SampEn30 0.96(0.43) 1.06(0.43) 1.18(0.34) 1.15(0.46) <0.01 N.S. N.S. <0.05 N.S. 

S2 

(N=10/88/90/44) 

PR 3.6(16.4) 3.0(5.4) 1.2(1.9) 1.6(1.9) <0.001 N.S. N.S. <0.05 <0.05 

PD 32.2(54.9) 29.9(26.3) 18.8(12.4) 20.6(10.0) <0.001 <0.05 N.S. <0.05 <0.05 

ER 4.51(1.66) 4.60(0.73) 4.29(0.40) 4.28(0.39) <0.001 N.S. N.S. <0.05 <0.05 

LMAX 86(162) 87(79) 55(38) 60(27) <0.001 N.S. N.S. <0.05 <0.05 

SampEn 0.78(0.67) 0.85(0.47) 1.13(0.44) 1.06(0.41) <0.001 N.S. N.S. <0.05 <0.05 

SampEn30 0.70(0.26) 0.73(0.52) 0.95(0.47) 0.89(0.44) <0.001 N.S. N.S. <0.05 N.S. 

S3 

(N=13/94/83/46) 

PR 2.3(5.5) 1.7(2.4) 0.5(1.2) 0.4(1.1) <0.001 <0.05 <0.05 <0.05 <0.05 

PD 24.4(28.7) 21.6(13.8) 15.6(12.8) 15.6(9.4) <0.001 <0.05 <0.05 <0.05 <0.05 

ER 4.50(0.81) 4.35(0.52) 4.21(0.95) 4.10(0.92) <0.001 N.S. <0.05 <0.05 <0.05 

LMAX 87(75) 63(35) 47(28) 42(21) <0.001 <0.05 <0.05 <0.05 <0.05 

SampEn 1.13(0.36) 1.17(0.37) 1.32(0.30) 1.36(0.36) <0.01 N.S. N.S. <0.05 N.S. 

SampEn30 0.99(0.46) 0.99(0.42) 1.19(0.41) 1.06(0.41) <0.01 N.S. N.S. <0.05 N.S. 

N: Number of recording with WSS in Period 1 / Period 2 / Period 3 / Period 4.  

* One-way analysis of variance (Mann-Whitney, α = 0.05) 

† Post-hoc analysis (multiple group comparison, Tukey-Kramer, α = 0.05). 



Table 5. Individual predictors of preterm birth (channel S3) 

Index AUC (95% CI) p value Optimal Threshold* Se Sp Ac LR+ LR- 

PR 0.65(0.55, 0.75) <0.01 1.93 0.52 0.70 0.68 1.74 0.69 

PD 0.64 (0.54, 0.75) <0.05 25 0.48 0.75 0.72 1.94 0.69 

ER 0.67 (0.57, 0.77) <0.005 4.44 0.55 0.74 0.69 2.07 0.61 

LMAX 0.62 (0.52, 0.73) <0.05 72 0.45 0.75 0.72 1.81 0.73 

SampEn 0.66 (0.56, 0.76) <0.005 1.17 0.71 0.61 0.62 1.82 0.48 

SampEn30 0.61 (0.50, 0.70) N.S. 0.99 0.71 0.58 0.60 1.69 0.50 

AUC: area under the curve; CI: confidence intervals; Se: sensitivity; Sp: specificity; Ac: accuracy; LR+: 

likelihood ratio positive; LR-: likelihood ratio negative;  

*Calculated as the point on the ROC curve with shortest Euclidean distance to the point corresponding to 

sensitivity and specificity of 1 


