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The overarching goal of the present work is to contribute to the understanding of the relations between fetal heart rate (FHR) temporal dynamics and the well-being of the fetus, notably in terms of predicting the evolution of lactate, pH and cardiovascular decompensation (CVD). It makes uses of an established animal model of human labor, where 14 near-term ovine fetuses subjected to umbilical cord occlusions (UCO) were instrumented to permit regular intermittent measurements of metabolites lactate and base excess, pH, and continuous recording of electrocardiogram (ECG) and systemic arterial blood pressure (to identify CVD) during UCO. ECG-derived FHR was digitized at the sampling rate of 1,000 Hz and resampled to 4 Hz, as used in clinical routine. We focused on four FHR variability features which are tunable to temporal scales of FHR dynamics, robustly computable from FHR sampled at 4 Hz and within short-time sliding windows, hence permitting a time-dependent, or local, analysis of FHR which helps dealing with signal noise. Results show the sensitivity of the proposed features for early detection of CVD, correlation to metabolites and pH, useful for early acidosis detection and the importance of coarse time scales (2.5–8 s) which are not disturbed by the low FHR sampling rate. Further, we introduce the performance of an individualized self-referencing metric of the distance to healthy state, based on a combination of the four features. We demonstrate that this novel metric, applied to clinically available FHR temporal dynamics alone, accurately predicts the time occurrence of CVD which heralds a clinically significant degradation of the fetal health reserve to tolerate the trial of labor.
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1. INTRODUCTION

Monitoring fetal heart rate (FHR) during labor is a common clinical routine worldwide, aiming to asses fetal well-being and ensure safe delivery. The main objective is to decide on timely operative delivery or uterine relaxation to prevent brain injury and adverse outcomes (1). In clinical practice, fetal well-being is assessed by obstetricians principally by visual inspection of cardiotocograms (CTG, bivariate time series of beat-per-minute FHR and uterine activity). The interpretation is guided by a set of rules combining a collection of features, aiming to probe various aspects of the CTG, such as baseline FHR, FHR variability and deceleration shape and timing as well as the relation of the various FHR features to the patterns of uterine activity. One such set of features and rules was defined by the International Federation of Gynecology and Obstetrics (2, 3). Applying such procedure has however been documented as yielding significant inter-and intra-observer variability (4), one of many causes of the failure of the present FHR monitoring to predict fetal brain injury (5–7).

These short-comings in FHR monitoring during labor triggered significant efforts to develop computerized and automated assessment of FHR patterns intrapartum. Beyond the direct computation of the FIGO features themselves [cf., e.g., (8–10)], from digitized CTG usually sampled at 4 Hz in clinical practice, a large variety of features stemming from advanced signal processing and information theory tools has been computed for FHR assessment. These advanced features, however, have not reached performance benchmarks to lead to a consensus in the research and medical communities. These observations leave open a significant number of issues ranging from the choice of relevant FHR features and the construction of decision rules for such features to the assessment of the relationships between FHR time series and fetal well-being. Interested readers are referred to Georgieva et al. (11) (and references therein) for a recent (lack of) consensus overview and the interdisciplinary discussions.

Besides the need for large labeled databases to make machine learning on FHR data effective (12), a recurrent issue is associated with the ground truth being based on pH from the immediate post-birth umbilical cord pH measurements. However, it has been documented that fetal brain injury poorly correlates with measures of acidemia at birth such as pH (7, 11, 13). First, pH is only available after delivery hence when FHR is no longer available. Second, brain compromise due to hypoxia-ischemia can ensue when the fetal cerebral blood flow is persistently reduced, e.g., due to precipitous drop in cerebral perfusion pressure resulting from cardiovascular decompensation (CVD) (7, 14, 15).

In a recent series of experiments, to better assess the relations between FHR, systemic arterial blood pressure (ABP) and fetal health state (including the impact of chronic hypoxia) sheep fetuses were surgically instrumented and subjected to an umbilical cord occlusion (UCO) protocol in Frasch et al. (16), in a well-established animal model of human labor. CVD onset was observed at individually variable times, regardless the presence of chronic hypoxia (7, 16–19). This animal experimental model generated the dataset used in the present study.

Consequently, based on this dataset, the goal of the present work is to assess whether FHR monitoring permits detection of the individual onset of CVD accounting for the presence of chronic hypoxia prior to the onset of UCOs in some fetuses. More particularly, we aimed to assess the sensitivity of FHR temporal dynamics, probed by four scale-dependent features, to CVD, metabolites and pH measurements.

We propose four features which all have the temporal scale of the signal as a parameter. We compute these four quantities from the whole FHR signal to probe its dynamics along the complete experiment. The first quantity measures the average variation of the FHR over the prescribed time scale. The second one measures the FHR variability over the time scale as the standard deviation. The third one is the ratio of the first two and provides a normalized version of the average variation. The fourth one is very similar to Approximate Entropy or Sample Entropy and provides a measure of the information content of the FHR signal at the given time scale. These four quantities can be computed with any signal and give robust results even with the clinically relevant low sampling rate of 4 Hz. This feature choice is also designed to allow computation within short-time time windows, thus permitting to achieve a sliding-window, time-dependent analysis of FHR, which may eventually be exploited to perform real-time FHR monitoring on noisy data.

We show the importance of coarse time scales (2.5–8 s) and construct an individual self-referencing "distance to healthy state" metric based on combination of the four features. We then demonstrate the use of the novel composite distance metric to predict individual CVD from FHR time series alone.



2. MATERIALS: SHEEP ANIMAL MODEL AND UMBILICAL CORD OCCLUSIONS

Fetal sheep model of labor and surgical preparation. The anesthetic and surgical procedures, postoperative care of the animals and the UCO model of labor have been previously described Frasch et al. (16). Briefly, 14 near-term ovine fetuses (123 ± 2 days gestational age (GA), term = 145 days) of the mixed breed were surgically instrumented. Animal care followed the guidelines of the Canadian Council on Animal Care and was approved by the University of Western Ontario Council on Animal Care.

Polyvinyl catheters were placed in the right and left brachiocephalic arteries, the cephalic vein, and the amniotic cavity. The fetal arterial lines were used for measuring ABP, sampling arterial blood gases, metabolites and cytokines. The fetal venous line was used for administration of fluids and post-operative antibiotics. Stainless steel electrodes were sewn onto the fetal chest to monitor ECG. A polyvinyl catheter was also placed in the maternal femoral vein. Stainless steel electrodes were additionally implanted biparietally on the dura for the recording of electrocorticogram, ECOG, as a measure of summated brain electrical activity [results reported elsewhere (16)]. An inflatable silicon rubber cuff (in vivo Metric, Healdsburg, CA) for UCO induction was placed around the proximal portion of the umbilical cord and secured to the abdominal skin. Once the fetus was returned to the uterus, a catheter was placed in the amniotic fluid cavity. Antibiotics were administered intravenously to the mother (0.2 g of trimethoprim and 1.2 g sulfadoxine, Schering Canada Inc., Pointe-Claire, Canada) and fetus and into the amniotic cavity (1 million IU penicillin G sodium, Pharmaceutical Partners of Canada, Richmond Hill, Canada). Amniotic fluid lost during surgery was replaced with warm saline. The uterus and abdominal wall incisions were sutured in layers and the catheters exteriorized through the maternal flank and secured to the back of the ewe in a plastic pouch. Postoperatively, animals were allowed 4 days to recover prior to experimentation and daily antibiotic administration was continued intravenously to the mother (0.2 g trimethoprim and 1.2 g sulfadoxine), into the fetal vein and the amniotic cavity (1 million IU penicillin G sodium, respectively). Arterial blood was sampled for evaluation of the fetal condition and catheters were flushed with heparinized saline to maintain patency. Animals were 130 ± 1 day GA on the first day of the experimental study.

Umbilical cord occlusion protocol. The experimental protocol has been reported (16, 20, 21). Briefly, all animals were studied over a ~6 h period. Fetal chronic hypoxia was defined as arterial O2Sat <55% as measured on postoperative days 1–3 and at baseline prior to beginning the UCOs. The first group comprised five fetuses that were also spontaneously hypoxic (n = 5, H/UCO). The second group of fetuses was normoxic (O2Sat more than 55% before UCOs) (n = 9, N/UCO). As reported, after a 1–2 h baseline control period, the animals underwent mild, moderate, and severe series of repetitive UCOs by graduated inflation of the occluder cuff with a saline solution (16). During the first hour following the baseline period, mild variable FHR decelerations were performed with a partial UCO for 1 min duration every 2.5 min, with the goal of decreasing FHR by ~30 bpm, corresponding to a ~50% reduction in umbilical blood flow (22, 23). During the second hour, moderate variable FHR decelerations were performed with increased partial UCO for 1 min duration every 2.5 min with the goal of decreasing FHR by ~60 bpm, corresponding to a ~75% reduction in umbilical blood flow. Animals underwent severe variable FHR decelerations with complete UCO, i.e., ~100% reduction of umbilical blood flow, for 1 min duration every 2.5 min until the targeted fetal arterial pH of <7.00 was detected, at which point the repetitive UCO were terminated. A summary of timings is reported in Table 1. These animals were then allowed to recover for 48 h following the last UCO. Fetal arterial blood samples were drawn at baseline, at the end of the first UCO of each series (mild, moderate, severe), and at 20 min intervals (between UCO) throughout each of the UCO series, as well as at 1, 24, and 48 h of recovery. When pH <7.00 was measured, the UCO were stopped and this time point noted as the end of the occlusions. We then obtained the precise pH = 7.00 time point by linear interpolation from this last measured pH value. All blood samples were analyzed for blood gas values, pH, lactate and base excess (BE) with an ABL-725 blood gas analyzer (Radiometer Medical, Copenhagen, Denmark) with temperature corrected to 39.0°C. Plasma from the 4 ml blood samples was frozen and stored for cytokine analysis, reported elsewhere (24). After the 48 h recovery blood sample, the ewe and the fetus were killed by an overdose of barbiturate (30 mg sodium pentobarbital IV, MTC Pharmaceuticals, Cambridge, Canada). A post mortem was carried out during which fetal sex and weight were determined and the location and function of the umbilical occluder were confirmed. The fetal brain was perfusion-fixed and subsequently dissected and processed for later immunohistochemical study (25).


Table 1. Individual onset times for each UCO regime (mild, moderate, severe and recovery, colored green, magenta, red and white in Figure 1), counted from the first UCO.

[image: Table 1]

Data acquisition and pre-processing. A computerized data acquisition system was used to record fetal systemic arterial and amniotic pressures and the ECG signal (26). All signals were monitored continuously throughout the experiment. Arterial and amniotic pressures were measured using Statham pressure transducers (P23 ID; Gould Inc., Oxnard, CA). Fetal systemic ABP was determined as the difference between instantaneous values of arterial and amniotic pressures. A PowerLab system was used for data acquisition and analysis (Chart 5 For Windows, ADInstruments Pty Ltd, Castile Hill, Australia). Pressures, ECOG and ECG were recorded and digitized at 1,000 Hz for further study. For ECG, a 60 Hz notch filter was applied. R peaks of ECG were used to derive the heart rate variability (HRV) times series (26). The time series of R-R peak intervals were then uniformly resampled at 4 Hz (26). A representative FHR signal is shown in Figure 1A: a visual assessment of the whole FHR trace reveals that FHR variability increases when UCO strength is increased.


[image: Figure 1]
FIGURE 1. Typical data recorded in the experiment (here, animal 473726). (A) FHR resampled at 4 Hz. The color indicates the strength of UCO during the experiment: blue and black for no UCO (baseline and recovery), green for mild UCO, magenta for moderate UCO and red for severe UCO. (B) Fetal arterial pH values during the experiment. The pH (as well as the other blood measurements) is obtained at specific time points, indicated by the vertical lines; the open black circles correspond to the actual measurements from blood sampling and the black lines correspond to a linear interpolation.


Metabolites data (pH, lactate and BE) is obtained by blood sampling performed at specific times during the experiment (vertical dashed lines in Figure 1B). In order to have metabolites data at any time, we assume a linear drift between two successive measurements and consequently perform a linear interpolation between two measurements times. We thus obtain a piece-wise linear time series sampled at 4 Hz, depicted in Figure 1B as a black curve. Using this interpolated data, as noted above, the time tpH when pH = 7.00 is computed in each fetus as indicated in Table 1.

Fetal cardiovascular decompensation (CVD). CVD has been reported in detail in Frasch et al. (15, 16) and Gold et al. (27). The visual representation of CVD can be found in these publications, e.g., in the Figure 2 in Frasch et al. (16). The reader can readily observe the pronounced pathological hypotensive responses to the UCO-triggered FHR decelerations during the CVD. This behavior is in stark contrast to the normally observed ABP increases during the occlusions which compensate the hypotension caused by the FHR decelerations. As we reported, once this pattern conversion from hypertensive to hypotensive responses occurs, it persists until the UCOs are stopped. Its effects are also seen directly in the brain electrical activity (15, 16). It is hence easy to reliably visually identify the timing of the onset of CVD in each recording. Consequently, during UCOs, by expert visual inspection, we noted the individual time point tCVD at which three successive hypotensive ABP responses to UCO-triggered FHR decelerations occurred. Quantitatively, with hypotensive ABP response we refer to the failure of ABP to rise during UCO-triggered FHR deceleration above the preceding baseline value when compared to the average ABP rise during the UCO series prior to the CVD. We refer to this animal-specific time point as the ABP sentinel corresponding to the timing of CVD. As an illustration, tCVD is reported in Figure 1B as a vertical black line.



3. METHODS: TIME SCALE-DEPENDENT FEATURES


3.1. Sliding Window Analysis

Analysis of FHR and metabolites data are performed in sliding time-windows of size T = 20 min. The time-windows are shifted by dT = 5 min, thus implying a T − dT = 15 min (75%) overlap. The k-th time-window thus corresponds to time ranging in [kdT, kdT+T]. This sliding window analysis permits the assessment of the temporal evolution of cardiovascular responses to changes in UCO strength.



3.2. Scale Dependent Features

Using FHR, xt, four quantities, whose definitions rely on the choice of a time scale τ, are computed, for each time-window k: increment mean mk(τ), increment standard deviation σk(τ), the corresponding Student ratio Rk(τ), and the entropy rate hk(τ). The first one, mk(τ), measures the average change of the FHR signal over the time lag τ. It can be pictured as the derivative of the signal on the time-scale τ, averaged in the time-window k. The second one, σk(τ), is the standard deviation of the signal estimated on chunks of the signal of duration τ, and then averaged in the time-window k. The third one, Rk(τ), is a normalized version of the first quantity mk(τ): the average variation is now expressed in standard deviation units, before being averaged along the time-window k. The last one, hk(τ), in a measure of the information or complexity of the signal at scale τ, similar to Approximate Entropy or Sample Entropy, estimated at scale τ over the time-window k. As described below, the first three quantities are averages over the time-window k of dynamical quantities mt(τ), σt(τ), Rt(τ) defined at scale τ; these quantities, along with FHR, are shown for illustration purposes in Figure 2 for arbitrarily chosen 20-min window, time scale τ and animal.


[image: Figure 2]
FIGURE 2. Illustration of the methodology in the first time-window [0;T] of size T = 20 min, using the fixed time scale τ = 25s. (A): FHR. (B): mt(τ). (C): σt(τ). (D): Rt(τ). The black circles in (B–D) correspond each to a value obtained in a time-interval of size τ = 25 s, according to Equations (1), (3), (5). The horizontal red lines in (B–D) indicate the values mk = 1(τ), σk = 1(τ) and Rk = 1(τ) obtained after averaging all the black circles, i.e., over all available time-intervals of size τ in the time-window, according to Equations (2), (4), (6).



3.2.1. Mean Variation (or Local Trend) at Time-Scale τ

For all t in window k, the average increment over a time scale τ is computed as:

[image: image]

These mt(τ) are then averaged across window k, for all non-overlapping time-intervals [(j−1)τ; jτ]:

[image: image]

where ⌊T/τ⌋, the floor of the fraction T/τ, indicates the number of time-intervals of size τ available in the time-window of size T. An illustration of the methodology is given in Figure 2B for the window k = 0: values of mt(τ) are depicted in black, and the single value mk(τ) is represented in red.

The quantity mk(τ) measures the average variation — either an increase or a decrease — of FHR on the time scale τ. The average is indeed a double average: first over all time scales smaller than τ, according to Equation 1, and second over all available intervals available in the kth time-window of size T=20 min, according to Equation (2). mk(τ) can also been interpreted as the averaged derivative of the signal after a low-pass filtering using a finite impulse response with cut-off frequency 1/τ.



3.2.2. Standard Deviation at Time-Scale τ

Given a time-interval [t − τ; t], we define the variance of the set of increments {(xt−i − xt−τ), t−τ < i ≤ t}. This indeed is nothing but the variance of xt, computed over the set of values in the time-interval [t − τ; t]:

[image: image]

We then average its square root over the ⌊T/τ⌋ non-overlapping time intervals of size τ available in the kth time-window of size T:

[image: image]

This quantity measures the average — in the kth time-window of size T — amplitude of the fluctuations of xt over τ consecutive points. The methodology is illustrated in Figure 2C.



3.2.3. Normalized Local Trend at Time-Scale τ

The Student ratio, or normalized local trend, at time-scale τ, is defined for each time interval [t − τ; t], as:

[image: image]

It is averaged across all available non-overlapping intervals in the kth time-window:

[image: image]

This quantity, up to a factor [image: image], would correspond to a random variable drawn from the distribution of the t-value if the data xt were independently drawn from a Gaussian distribution. It can be interpreted as the average variation over a time step τ, normalized by the local standard deviation; as such, it provides a normalized measure of the trend of the signal xt to depart from its expected value when observed across a duration τ.



3.2.4. Entropy Rate at Time-Scale τ

One commonly used feature in heart rate analysis, both for adults and fetuses, is sample entropy (SampEn) (28–30), an elaboration on approximate entropy (ApEn) (31, 32). It was shown recently that the entropy rate provides a related tool to probe FHR with better performance than ApEn or SampEn to detect acidosis (33–35).

The entropy rate of order 1 in the kth time-window at time-scale τ is defined as:
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where

[image: image]

denotes the Shannon entropy (36) of either a vector [image: image] or a scalar [image: image]. hk(τ) is computed using all the pairs of points (xt, xt−τ) available in the k-th time-window, and following Theiler's prescription (34) to avoid spurious correlation.

hk(τ) measures the extra information conveyed by the vector (xt, xt−τ) when (xt) is known, or in other words, the extra information given by the knowledge of the signal at an earlier time t − τ. The entropy rate probes the dynamics of the signal, and to better focus on this dynamical aspect, we compute it on the normalized signal [image: image], where 〈.〉 stands for the time average on the window of size T.





4. RESULTS AND DISCUSSION: FEATURES, TIME-SCALES AND DISTANCE TO HEALTHY STATE

In section 4.1, the four features — computed in overlapping time-windows — evolution in time are firstly presented and studied with respect to their relations to UCO strength. Because these features are computed at a given time-scale τ, they offer a description of the FHR dynamics at this time-scale. We thus explore the correlation between the features at a given time-scale τ and the measured values of the metabolites — including the pH. This global analysis, presented in section 4.2, is performed using all available time-windows and all available animals. We then reduce the dimensionality of the analysis by averaging results over the long-term time-scales, as defined and presented in section 4.3. This allows us to examine more clearly how the features evolve jointly with the UCO strength for the entire cohort, while quantifying the variability between animals. We then examine quantitatively in section 4.4 how these long-term features correlate with metabolites. We then combine them in an appropriately normalized vector; we are then able to describe the large variability across the subjects in the population as the variability of this vector in the early stages of the experiments. This allows us to define a measure of the degradation of the health state of an animal as the distance from healthy state. Finally, we propose in section 4.5 to use this "individual" distance as a novel indicator — or sentinel — to alert for the degradation of the health status due to CVD. We also show that this indicator/sentinel matches very well with pH measurements.


4.1. Features and UCO Strength

We first examine on a single animal how the four FHR features evolve throughout an experiment, depending on the time-scale τ. The values obtained in the k-th time-window [kdT; kdT + T] are assigned to the date tk = kdT + T/2 at the center of the time-window. The dynamical evolutions of mk(τ), σk(τ), Rk(τ) and hk(t, τ) are depicted in Figure 3 for a large band of time scales τ.


[image: Figure 3]
FIGURE 3. Representation of the time evolutions of mk(τ) (A), σk(τ) (B), Rk(τ) (C), hk(τ) (D), depending on the scale τ for animal 473726. The time in abscissa is kdT + T/2, the location of the kth time-window of size T where the quantity is computed, and the ordinate represents the scale τ. Vertical color lines indicates the times at which blood sampling was performed (same color code as in Figure 1: green in the mild UCO regime, magenta in the moderate UCO regime, and red in the severe UCO regime). In the severe UCO regime and for larger time scales τ, stronger variations are observed.


Such a time-scale representation reveals qualitatively that when the UCO strength is increased, mk(τ), Rk(τ) and hk(τ) decrease along time, while σk(τ) increases along time. This agrees with the previous studies where the decrease of the entropy rate hk(τ) was associated with fetal acidosis (33–35).

Qualitatively, although the four features barely evolve in time for smaller values of τ (below 2 s, bottom of the images in Figure 3), a noticeable time evolution can be observed for large values of τ and especially in the severe UCO regime. To better observe the dependence of the four features on the scale τ, we plot in Figure 4 their evolution with τ for the time points when blood sampling was performed. Figure 4 therefore presents the evolution of the four features along the vertical color lines indicated in the images of Figure 3.


[image: Figure 4]
FIGURE 4. Quantitative representation of the evolution of m(τ) (A), σ(τ) (B), R(τ) (C), and h(τ) (D) over the time scale τ for a single animal. The data represented here is extracted from Figure 3: each curve corresponds to a time-window of size T for which a fetal arterial blood sample was taken. The color of the curve represents the corresponding UCO level, with the same color code as in Figures 1, 3: blue is the baseline prior to any UCO, green in the mild UCO regime, magenta in the moderate UCO regime, red in the severe UCO regime, and then black in the recovery regime (after UCO). Vertical black dashed lines indicate the time-scales 2.5 and 8 s.


We observe in Figure 4 that the evolution of mk(τ) is rather linear in τ, but the slope depends on the time, and hence on the UCO level. We observe almost no evolution of R(τ) with τ, but the value of R(τ) depends on time, so on the UCO level. On the contrary, both σ(τ) and the entropy rate h(τ) present a distinct change of their evolution with τ below and above τ = 2.5 s, which emphasizes the distinction between short (< 2.5 s) and large (> 2.5 s) time scales, in accordance with previous literature (26, 37, 38). We use this information on the time scales as follows.



4.2. FHR Features, Arterial Metabolites and pH

We now examine, for a fixed time-scale τ, how the features relate to the health state of the animal, as described by the metabolites and pH. To do so, we use all time-windows of size T on one side, and interpolated metabolites data on the other side. We compute the correlation between any of the four features (for a fixed τ) and any of the biochemical measurements, by averaging over all time-windows (average over k) and over all animals. Results are plotted in Figure 5 as a function of the scale τ.


[image: Figure 5]
FIGURE 5. Correlation coefficient between the biochemical measurements (a: lactate, b: pH, c: BE) and the four FHR features: mk(τ) (magenta), σk(τ) (blue), Rk(τ) (red), and entropy rate hk(τ) (black), as function of the scale τ.


As suggested by Figure 4 and confirmed by Figure 5, we can isolate two bands of time scales: shorter scales τ < 2.5s (i.e., high frequency band, above 0.4 Hz, short term time scales, labeled ST) and larger ones τ > 2.5s (low frequency band, below 0.4 Hz, long term time scales, labeled LT).

For any of the four features and any of the three biochemical measurements, the correlation in the range [2.5 − 8] s is not only the largest—in absolute value—but also the most stable: it fluctuates less and does not depend much onτ. Above 8 s, all correlations decrease in absolute value, which may be attributed in part to poorer statistics: the number ⌊T/τ⌋ of available time-intervals of size τ in a time-window of size T decreases, which impacts the averages, see, e.g., Equation 2). As a consequence, we choose in the following to restrict the long term (LT) range to τ ≤ 8 s in order to have enough statistical power.



4.3. Long-Term Scales Averaged FHR Features

For the sake of simplicity, we now eliminate the dependencies of our features on τ and focus on the LT range. To do so, we compute the area under the curve (AUC) of our four FHR features in the range 2.5 < τ <8 s. For a given time-window indexed by k, we compute:

[image: image]

and we define accordingly [image: image], [image: image] and [image: image]. These features depend only on time, via the index k of the time-window in which they are computed.

Time evolutions of these four LT features are depicted in Figure 6 for the complete set of 14 animals. For some animals, there may be missing data due to experimental conditions, and hence there may be less consecutive time-windows of size T available than expected in a given UCO region; in that situation, we have then chosen to assign the dark blue color (arbitrary) for the quantity—see, e.g., the second line (a hypoxic animal), where no data is available in the mild UCO region, and only 4 windows are available in the severe UCO region.


[image: Figure 6]
FIGURE 6. Long term AUC of the four FHR features mLT (A), σLT (B), RLT (C), and hLT (D) for all 14 animals. For a given quantity, each line represents an animal (ordered from top to bottom as in Table 1); chronically hypoxic ones are above and normoxic ones are below. Each column represent a time-window of size T and time is increasing from left to right. The region of mild UCO starts at the vertical green line and lasts for four windows, up to the vertical magenta line, followed by 4 windows in the moderate UCO region, and then up to six windows in the severe UCO region, and up to three windows in the recovery region.


Using the first column (on the left of the vertical green line) of each subfigure as a reference, we observe that every quantity evolves as the UCO strength is increased. Although very few changes are observed in the mild UCO region, much larger variations are observed in the severe UCO region. After the stopping of UCOs (on the right of the vertical black line), we observe that the four features seem to regain their original value, which we interpret as indicating the recovery of the animal, typically after 1 window of size T, so typically 20 min after the end of UCOs.



4.4. Distance to Healthy State, Metabolites and pH

We now explore how our four FHR features relate to the metabolites' levels, and especially to the pH value, which is a widely used indicator of fetal well-being. We report in Table 2 the correlation coefficient between each of the four features mLT, σLT, RLT and hLT on one hand, and the three biochemical measurements pH, BE and lactate on the other hand. To increase the statistical power, we use all available time-windows of size T and so all linearly interpolated values of the three biochemical measurements.


Table 2. Correlation coefficients between the four individual features, their vectorial combinations, and the three measurements pH, BE, and Lactate.

[image: Table 2]

We observe that the four FHR features correlate well with the pH and BE, while the correlation with the lactate is smaller. All features but σLT — the LT amplitude of fluctuations — have a correlation coefficient with pH that is at least 0.50, and a correlation coefficient with BE that is at least 0.43. This is interesting, as RLT appears strongly correlated with mLT while relatively uncorrelated with σLT.

We believe that each of the four FHR features contributes a particular piece of information about FHR and we therefore aggregate them as follows. For a single animal and a single time-window indexed by k, we consider the vector

[image: image]

where each component is normalized by its standard deviation computed over all animals and over all available time-windows of size T. The four values [image: image] used for this normalization are hence the same for all animals and all time-windows; they are reproduced in the third line of Table 3.


Table 3. Means and standard deviations (std) of the four FHR features over the population of 14 animals.

[image: Table 3]

For a given animal and for a given time-window indexed by k, we use the [image: image] norm in ℝ4 to project any vector [image: image] into a positive real number [image: image] as follows. For each animal, we assume it is in a healthy condition when the experiment is started (so the FHR is fluctuating around the baseline) and we use the first time window of size T as a reference. We thus define the distance between [image: image] which describes the state in the k-th time-window and [image: image] which describes the state in the first time-window [0;T]:

[image: image]

We interpret this distance Dk for a single animal as a measure of the deviation from the animal's "healthy" state during the experiment.

We report in Table 3 global statistics — obtained by considering all animals — of the four FHR features used as the four components of the vector [image: image].

The third line of Table 3 reports the values [image: image] and [image: image] used to normalize the vector [image: image]. Their amplitude is notably different, and the normalization is necessary to ensure that each component of [image: image] contributes equally to its norm [image: image]. Whereas, this normalization uses all available data (using all times and all animals at once), it is important to stress that we have accounted for the large variability from one animal to another by defining Dk with a reference relative to the very animal under consideration. The variability of the reference point can be seen in the fourth line of Table 3: it accounts for a large part of the RMS values used in the normalization. Comparing the first two lines of Table 3 brings an additional observation leading to the same conclusion: the position of the healthy state [image: image] is on average over the animals (second line of the table) sensibly different from the position of [image: image] averaged over all animals and all times (first line of table). Using Dk instead of [image: image] removes a large part of the inter-animal variability and definitely improves the relevance of the distance, as measured by the correlation with the metabolites, see Table 2.

We present in Figure 7 the 14 trajectories of the vector [image: image] in its phase space, for the complete cohort. [image: image] has 4 coordinates so there are 6 different projections in a plane defined by two variables. Each subplot in Figure 7 corresponds to one of these possible projections. Along each trajectory, the color changes to indicate the interpolated pH value. Although the trajectories wander in a large region of the phase space, their color-coding seem to only depend on the distance from the origin: blue (larger pH) close to the origin, and orange or red (lower pH) outside of the circle defined by D = 2. During an experiment, the UCO's strength increases and, as a consequence, the pH decreases. We observe that the distance Dk appears to increase concomitantly, and more precisely we observe its correlation with the pH value. The correlation coefficients between the distance D and the biochemical measurements, computed over all animals, are reported in Table 2 (gray-colored cells). We observe that among all FHR features we have computed, the distance D is the one that is the most correlated with pH, as well as with the other metabolites. This confirms that using all four FHR features simultaneously—by considering the vector [image: image]—not only mitigates the various evolutions of single features with the metabolite value but also aggregates their correlations.


[image: Figure 7]
FIGURE 7. Trajectories of the vector [image: image] for all 14 animals in the phase space; the 6 subplots (A–F) correspond to the 6 possible projections onto planes (using 2 coordinates of the vector). Each trajectory corresponds to an animal and is colored to indicate the pH value at the time k: in this way, we observe the joint temporal evolution of [image: image] and of the pH throughout the experiment. Trajectories have been centered by subtracting [image: image], according to Equation (11) to account for the variability between animals: the thick black dot at the origin thus represents the starting point of all trajectories. The gray circle corresponds to D = 1 and the black circle to D = 2.




4.5. Distance to Healthy State as a New Sentinel for CVD

To better illustrate the relation between the dynamical features—especially the distance Dk—on one hand, and the health status as assessed by the metabolites—especially the pH—and blood pressure responses to UCOs on the other hand, we examine in detail in Figures 8, 9 how these are co-evolving for each individual animal. From now on, we discard any indication of the UCO level.


[image: Figure 8]
FIGURE 8. Two examples of normoxic animals (right: animal 473361, left: animal 461060). (a,e): FHR. (b,f): distance D along time; the horizontal dashed line indicates the value D = 2 and the red vertical line indicates the CVD time (ABP sentinel), i.e., the time point when we visually confirm the onset of CVD. (c,g): projections of the trajectory of the vector [image: image] on the plane (mLT, hLT) (the two features that individually better correlate with the pH). (d,h): projections of the trajectory on the plane (σLT, RLT) (the other two components of [image: image]). The distance D and the trajectories are color-coded with the pH values in each time-window of size T. For clarity, the last part of the trajectory where D decreases below D = 2 is omitted.



[image: Figure 9]
FIGURE 9. Two examples of hypoxic animals (right: animal 473726, left: animal 473362). See caption of Figure 8.


Figure 8 presents jointly the time-trace of the FHR signal (Figures 8a,e) and the evolution of the distance D (Figures 8b,f), which we color-code using the pH value, as in Figure 7 for two typical normoxic animals. We also present two projections of the trajectory of [image: image] in its phase space in order to illustrate the evolution of each of the four quantities.

Because the vector [image: image] has been carefully normalized, and appropriately centered to define the distance Dk, this last quantity has no dimension and can be compared to absolute values. The particular value D = 1 (gray circle) defines the standard deviation range in a healthy situation and the value D = 2 (black circle) corresponds to variations with an amplitude of 2 standard deviations. Looking at the trajectory projections in Figures 8, 9, we see that during the early stages of the experiments the trajectory remains close to the origin, hence the distance D remains small, albeit fluctuating, and the pH value remains close to its normal value (bluish color, indicating a pH close to 7.4). More interestingly, we see that when the pH decreases down to 7.2 (greenish color), the trajectory usually reaches the black circle, hence the distance increases up to 2. Finally, we observe that when the trajectory is outside the black circle, hence D > 2, the pH has low values but more importantly, values of pH ≤ 7.00 (orange to red color) are only observed on the trajectory much later after the trajectory wandered outside the black circle.

The very same observations can be made for hypoxic animals, see Figure 9 for two examples.

We now examine quantitatively for each animal the time evolution of the distance from its own reference healthy state. In every time-window [kdT, kdT + T] of size T indexed by k, we have a value Dk which we assign to time t = kdT + T/2; we plot the time-evolution of the distance in Figures 8b,f, 9b,f with a color that indicates the pH value. This allows for the following interesting observations. First, before the occurrence of UCO, the distance fluctuates with a typical standard deviation of 1. This confirms that the normalization step is valid, albeit it uses values averaged over all animals and all available time-windows. Second, we see that the distance D is substantially larger when UCOs are performed, and more precisely, we see that D increases as the UCO strength is increased or UCOs are being applied to the animal with the same strength but for a longer period of time. As such, the distance D seems to be a good representation of the health condition of the animal. More interestingly, we showed (Table 2) that D is highly correlated with the pH value throughout the complete experiment, but we now observe that a large value of D, above 2, proves to be a very good indicator of a low pH value signaling an acidemia with pH < 7.2.

To further test the ability of the distance D to alert on the fetal condition, we now try to relate the large values of the distance D to the onset of the fetal CVD, i.e., failure of the fetus to mount a hypertensive arterial blood pressure response to UCOs and the UCO-induced FHR decelerations, a prerequisite to maintaining an adequate cerebral perfusion pressure. To do so, we use tCVD as the reference time when CVD occurs (vertical red line in Figures 8b,f, 9b,f), which offers a valuable benchmark for an early detection of hypotensive blood pressure response.

tCVD appears on group average for a pH of 7.20 and 60 min prior to pHnadir of <7.00, but shows a considerable inter-individual spread. To quantify the hypotensive behavior at tCVD, we report the individual pressure differential ΔABP at tCVD in Table 4 following the same approach as reported in Table 1 of Frasch et al. (16). Here, ΔABP=ABPmax − 〈ABP〉 is the difference between ABPmax, the maximal ABP during a UCO, and 〈ABP〉, the mean ABP between UCOs. The average of ΔABP is 4±6 mmHg for hypoxic fetuses and 4±8 mmHg for normoxic fetuses. Overall, we see no difference in ΔABP between hypoxic and normoxic groups (p = 0.97). The corresponding drop in ΔABP during the CVD period compared to the preceding UCO period is −19 [−24; −1] mmHg, i.e., during CVD, fetuses failed to mount hypertensive response to UCO-triggered FHR decelerations with a median drop of 19 mmHg compared to ΔABP preceding the CVD. These values clearly indicate the pathological hypotensive responses of the sheep fetuses during the UCOs at tCVD and onward until the end of the UCOs. The noted inter-individual variability in ΔABP values is subject of ongoing research.


Table 4. Cardiovascular decompensation (CVD) times.

[image: Table 4]

Here we see on phase-space projections in Figures 8c,d,g,h, 9c,d,g,h that the criterion D ≥ 2 offers a similar early alert on the deterioration of the animal condition with regard to CVD timing. Looking at either the phase space representation or the time traces of the distance D, we see that this quantity evolves continuously in time, on typical time-scales larger than 20 min, the duration we have chosen to compute our quantity. The distance increases over the duration of the experiment and one can easily measure the time tD at which D crosses the value D = 2 (red circle, or horizontal red line in Figures 8, 9). Unfortunately, the distance D is very sensitive and it can be seen on the examples that it is possible for D to reach values larger than 2 early in the experiment. To overcome these events—and, hence, to make our new sentinel less sensitive—we arbitrarily adjust our criteria and require Dk > 2.5 for at least 3 consecutive time-windows, so for a long enough duration of about 40 min. Table 1 presents the various timings corresponding to the various UCO regimes for each animal, together with an estimate of the pH nadir time, while Table 4 presents a summary of our findings, together with the CVD time (ABP sentinel), the two of them appearing before pH ≤ 7.00.

The agreement between the CVD time and the distance time is very satisfying:

the difference between tCVD and tD is not only always smaller than the difference between tpH and tCVD, but also smaller than 20 min, the size of the time-windows we have used.

However, for one animal (number 473360, last line in Table 4), a large discrepancy is observed. A closer examination of both the data and our distance for this animal is given in Figure 10 and allows us to discuss the sensitivity of our measure. We have used the 4 Hz FHR dataset which was also studied in earlier literature. This dataset is obtained from the R-R intervals data at 4 Hz, which is interpolated from the raw ECG-derived R-R intervals data recorded at 1,000 Hz. As can be seen in Figure 10, the genuine 1,000 Hz dataset (in red) is missing some values during short intervals and the resampling process, which uses splines interpolation, creates arbitrary values for the 4 Hz FHR dataset (in black) within such intervals. This results in additional values which exhibit large and fast fluctuations which are non-physiological. Whereas, most of these do not impact the value of the distance D (see Figures 10e,f,g,h), there is a time interval (at about t = 172 s, see Figures 10b,d where D is unexpectedly large, reaching a value around 4. This is concomitant with a sharp drop in FHR, as can be seen in Figures 10a,c. This sharp drop is exacerbated on the 4 Hz signal compared to the 1,000 Hz signal, and is very localized in time, which leads to a later decrease of D, contrary to the pathological situation reported in Figures 10g,h where D remains at a large value. As a consequence, we obtain a false positive sentinel time tD which corresponds to this event and is hence much earlier than tCVD, although in agreement with previously reported results using the same 4 Hz FHR dataset (19). We conclude that splines interpolation should be avoided, and we suggest instead not to add or create artificial data points when genuine data is not available. Additionally, each of the quantities we propose, and hence the distance D, can still be computed, as they are all robust with respect to missing data, as seen for example in Figures 8e,f.


[image: Figure 10]
FIGURE 10. A representative example of FHR and the corresponding distance D (colored by pH value) for animal 473360. The 4 Hz dataset used in the analysis is reproduced in black, and the original 1,000 Hz dataset is presented in red. (a,b) : complete time trace for all available data. (c,d) : zoom in the problematic region, where D is unexpectedly large. (e,f) : zoom in a region where D is small, as expected. (g,h) : zoom in a region where D is large, as expected. See text.


The robustness with respect to missing data is 2-fold. First, all quantities we compute do not require equi-sampled data: this is in contrast to a power spectrum for example, where missing points prevent the estimation and jeopardize the estimated value if using interpolated values. For our quantities, missing data only impacts the number of points used to compute averages, as can be seen in Figure 2. Second, having missing data only reduce the number of points over which statistics are computed: a reduced number of points increases the bias and the variance of the estimators. As can be seen in Figures 10b,d,f,h, the distance D evolves smoothly which suggest the standard deviation is not strongly impacted. However, one may wonder if an increased bias impacts the reported values, especially when a lot of data is missing. We report in Table 5 the average fraction of missing data points in a time-window of size T=20 min: increasing the UCO strength is typically associated with an increase of missing data. Let's focus on the entropy rate hk(τ), which is algorithmicaly the most complex quantity: it has been reported that the bias of hk(τ) not only behaves as [image: image] (39, 40), similar to the bias of a sliding average over N points like mk(τ), but also that this bias is small. A time-window of 20 min should contain N = 20 × 60 × 4 = 4, 800 points, and even a reduction of 50% of available data points should leave more that 2,000 points so a bias smaller than 1% (40). We are thus confident that the reported results are not an indirect measure of the number of missing data points.


Table 5. Average fraction of missing data points in the FHR signal in a given regime.

[image: Table 5]

A deeper examination of each experiment, using animal's systemic arterial blood pressure data, should clarify the relationship between the increases of the distance from healthy condition and the incipient arterial hypotension. This work is out of scope of the present article which focuses on the dynamics of the clinically relevant 4 Hz-sampled FHR signal.

As such, we propose that the distance D has the potential to serve as an individual biomarker of the incipient CVD, i.e., an early sentinel of the fetal brain injury.




5. CONCLUSIONS AND OUTLOOK

Following achievements in adults and the seminal contribution in Akselrod et al. (41), frequency-based features were used to model linear temporal dynamics in FHR (42–46). To permit richer descriptions of the non-linear dynamics of FHR, information theoretic quantities were used such as entropy rates (34, 47–50), as well as several nonlinear transforms (45, 51–53), and scale-free or (multi)fractal paradigms (54–57). For overviews, interested readers are referred to, e.g., (9, 11, 58–64). An important limitation in the use of these features lies in their dependence on high quality fetal electrocardiogram (ECG) or magnetocardiogram (MCG) data as input. Such data are not readily available in the majority of clinical settings, with over 90% of North American hospitals, for example, still relying on CTG monitors during labor. CTG however provides FHR at a 4 Hz sampling rate, to be compared to 1,000 Hz sampling rate golden standard available with ECG or MCG, while vagally mediated HRV is found on a time scale that goes beyond what is captured at 4 Hz sampling rate. This results in information loss (19, 26, 65, 66). Beyond the mere design of features and their standalone use, numerous efforts were devoted to devise multiple-feature decision rules, often based on supervised learning and machine learning [cf., e.g., (9, 12, 62, 63, 67–69, 69–72)].

In the present work, four FHR features, whose definitions depend on the timescale, are computed on the whole FHR dataset derived from an animal model of human labor to quantify the evolution of FHR temporal dynamics. That means that in our approach we do not rely on considering UCO periods only, but are able to process the entire FHR signal as it would be available in real-time in clinical setting. These quantities are local statistical averages that probe the variation, the amplitude of fluctuations and the information content at a given time scale. They are purely statistical quantities that can be computed even when some data points are missing. Firstly, we qualitatively related the variations of such timescale-dependent quantities to the UCO strength; secondly, we quantitatively computed their correlation to metabolite and pH measurements.

As to the etiology of CVD, we propose a role for the Bezold-Jarisch reflex, a vagal cardiac depressor reflex, as part of a complex dynamic interplay, based on the observations of acidemia-triggered inflammation in fetal sheep (16, 17, 25), and studies in adult species linking rising systemic acidemia and inflammation with worsening cardiac contractility, impaired beta-adrenergic and potentiated bradycardic responses (25, 73–77). We suggest that the integrated ability of the four FHR features introduced in this study to track the individual evolution of acidemia and cardiovascular responses stems from capturing the individual complex interplay of the vagally mediated sensing of acidemia and the Bezold-Jarisch reflex, i.e., also vagally mediated intermittent hypotensive ABP responses to UCO-triggered FHR decelerations. This hypothesis needs to be validated in specifically designed animal experiments, for example by repeating the experiments underlying the present study with the variation of performing cervical bilateral, left or right vagotomies. This would allow evaluating the contribution of the vagus nerve to the dynamic interplay between the progressive systemic acidemia, the ensuing systemic inflammatory response, accounting for vagus nerve's lateral asymmetry, to the evolution of FHR decelerations and ABP responses over the period of worsening UCOs comparable in duration to stages 1 and 2 of pushing (18).

We show the relevance of timescales ranging in [2.5 − 8] seconds (equivalently [0.125 − 0.4] Hz in frequencies) for early detection of both acidemia and CVD, matching the scales classically used in FHR analysis and referred to as long-term (57, 63). We observed that reduced pH closely relates to larger mLT which may be interpreted as an increase of baseline FHR (62, 63), and lower entropy rate hLT, in agreement with earlier findings reported in the literature (34). More importantly, a per-individual distance metric was constructed from these four (population-normalized) features to quantify a self-referencing departure from a healthy state for each subject independently. Such a definition raises two issues. Firstly, it requires, as is often the case, that monitoring is started early enough while the fetus is still in a healthy condition, so as to create a self-reference to normal on a per-individual basis. If fetuses are already in distress when monitoring is initiated, the distance, albeit increasing with distress, may fail to detect CVD correctly. Secondly, the definition of the vector, and hence the distance, requires a normalization, which is performed in the present work at the population level, i.e., using an average across subjects. Although such an average should converge rapidly with the population size, this dependence requires further investigations.

It has been documented that sheep fetuses have an individual cardiovascular phenotype in their responses to increasing acidemia due to repetitive intermittent hypoxia (15). Chronically hypoxic fetuses have diminished cardiovascular defenses to hypotensive stress (78). Studying the same dataset, we demonstrated that under the conditions of repetitive UCOs and in comparison to the fetuses who were normoxic on the onset of the UCOs, the hypoxic fetuses exhibit accelerated acidosis (21), altered temporal profile of neuroinflammation following UCOs (20) and deceleration reserve (79). In the present study, we could not identify any influence of the phenotype (normoxic/hypoxic) in any of the metrics including the distance D. We are currently exploring whether the initial vector [image: image] may contain such information. Conversely, the finding that the presented approach functions well without the consideration of a pre-existing hypoxia or pattern of labor contractions (UCO severity) is an additional bonus from the clinical viewpoint. Lastly, we recognize that the group of chronically hypoxic animals may have failed to recover from surgical instrumentation adequately, i.e., they were already decompensating rather than becoming “spontaneously” hypoxic for reasons of utero-placental dysfunction preceding the surgery.

Overall, the constructed distance proves able to detect accurately the occurrence of acidemia and CVD from the analysis of FHR only, and without recourse to pH. This opens the route to investigating the relevance of such metrics in clinical practice, as it is non-invasive and much faster than biochemical measurements like pH. Further, for practical purposes, the present studies show that the computation of features and distance is robust to FHR sampled at 4 Hz and, to some extent, to missing data. Also, the FHR features and distance are computed in sliding-windows, permitting an on-line and quasi-real time analysis of the evolution of the dynamics of FHR, and thus in relation to a local health state of the fetus. The extent to which the 20-min sliding-window size, chosen here for proof-of-concept developments, can be further reduced to 10 or 5-min, is under investigation. In conclusion, we propose a real-time FHR-based metric predicting CVD which should be of a great help for health practitioners managing the delivery.



DATA AVAILABILITY STATEMENT

The data analyzed in this study is subject to the following licenses/restrictions: experimental data may be made available on request (to MF). Requests to access these datasets should be directed to mfrasch@uw.edu.



ETHICS STATEMENT

The animal study was reviewed and approved by University of Western Ontario Council on Animal Care/Canadian Council on Animal Care.



AUTHOR CONTRIBUTIONS

SR designed the signal processing tools, ensured their practical implementation, conducted their application to data, and the analysis and interpretation of the results. He also prepared the figures and tables reported in the article. NBG contributed to the design of the signal processing tools, to the analysis and interpretation of the results, and to the writing of the manuscript. PA contributed to the interdisciplinary connections between signal processing and medical doctor teams, to the interpretation of the results, and to the writing of the manuscript. NG contributed to the measurements and the manuscript. MF designed the experiment, conducted the surgeries, and measurements. He also performed the expert visual detection of the cardiovascular decompensation used as ground truth here. He contributed to writing the article and to the interpretation of the results. All authors contributed to the article and approved the submitted version.



FUNDING

Work supported by Grant ANR-16-CE33-0020 MultiFracs. MF was funded by the Canadian Institutes for Health Research (CIHR grant number 123489).



ACKNOWLEDGMENTS

We thank the Signal Processing and Monitoring Workshop (SPaM workshop) launched under the umbrella of the ANR French Grant #18535 FETUSES where the first stages of the present work were discussed. We gratefully acknowledge Dr. Bryan Richardson and his Perinatal Research Laboratory at the University of Western Ontario for the original design of the animal experiments that enabled the acquisition of the dataset underlying the present study.



REFERENCES

 1. Chandraharan E, Arulkumaran S. Prevention of birth asphyxia: responding appropriately to cardiotocograph (CTG) traces. Best Pract Res Clin Obstet Gynaecol. (2007) 21:609–24. doi: 10.1016/j.bpobgyn.2007.02.008

 2. FIGO. Guidelines for the use of fetal monitoring. Int J Gynaecol Obstet. (1986). 25:159–67.

 3. Ayres-de Campos D, Spong CY, Chandraharan E, Intrapartum Fetal Monitoring Expert Consensus Panel FIGO. FIGO consensus guidelines on intrapartum fetal monitoring: cardiotocography. Int J Gynaecol Obstet. (2015) 131:13–24. doi: 10.1016/j.ijgo.2015.06.020

 4. Hruban L, Spilka J, Chudek V, Jank P, Huptych M, Bura M, et al. Agreement on intrapartum cardiotocogram recordings between expert obstetricians. J Eval Clin Pract. (2015) 21:694–702. doi: 10.1111/jep.12368

 5. Frasch M. Saving the brain one heartbeat at a time. J Physiol. (2018) 596:5503–4. doi: 10.1113/JP275776

 6. Frasch M, Boylan G, Wu H DD. Commentary: computerised interpretation of fetal heart rate during labour (INFANT): a randomised controlled trial. Front Physiol. (2017) 28:721. doi: 10.3389/fphys.2017.00721

 7. Gold, N, Frasch, MG. Fetal cerebral perfusion is better than fetal acidaemia for the prediction of brain injury and might be assessable by sophisticated fetal heart rate metrics. BJOG Int J Obstet Gynaecol. (2021) 128, 1443. doi: 10.1111/1471-0528.16674

 8. Parer JT, King T, Flanders S, Fox M, Kilpatrick SJ. Fetal acidemia and electronic fetal heart rate patterns: is there evidence of an association? J Matern Fetal Neonatal Med. (2006) 19:289–94. doi: 10.1080/14767050500526172

 9. Spilka J, Chudáček V, Koucký M, Lhotská L, Huptych M, Janků P, et al. Using nonlinear features for fetal heart rate classification. Biomed Signal Proc Control. (2012) 7:350–7. doi: 10.1016/j.bspc.2011.06.008

 10. Nunes I, de Campos DA, Ugwumadu A, Amin P, Banfield P, Nicoll A, et al. Central fetal monitoring with and without computer analysis: a randomized controlled trial. Obstet Gynecol. (2017) 129:83–90. doi: 10.1097/AOG.0000000000001799

 11. Georgieva A, Abry P, Chudáček V, Djurić PM, Frasch MG, Kok R, et al. Computer-based intrapartum fetal monitoring and beyond: a review of the 2nd workshop on signal processing and monitoring in labor (October (2017). Oxford, UK). Acta Obstet Gynecol Scand. (2019) 98:1207–17. doi: 10.1111/aogs.13639

 12. Frasch M, Xu Y, Stampalija T, et al. Correlating multidimensional fetal heart rate variability analysis with acid-base balance at birth. Physiol Meas. (2014) 35:L1. doi: 10.1088/0967-3334/35/12/L1

 13. Cahill AG, Mathur AM, Smyser CD, et al. Neurologic injury in acidemic term infants. Am J Perinatol. (2017) 34:668–675. doi: 10.1055/s-0036-1597135

 14. Astrup J. Energy-requiring cell functions in the ischemic brain. Their critical supply and possible inhibition in protective therapy. J Neurosurg. (1982) 56:482–97. doi: 10.3171/jns.1982.56.4.0482

 15. Frasch MG, Keen AE, Gagnon R, Ross MG, Richardson BS. Monitoring fetal electrocortical activity during labour for predicting worsening acidemia: a prospective study in the ovine fetus near term. PLoS ONE. (2011) 6:e22100. doi: 10.1371/journal.pone.0022100

 16. Frasch MG, Durosier LD, Gold N, Cao M, Matushewski B, Keenliside L, et al. Adaptive shut-down of EEG activity predicts critical acidemia in the near-term ovine fetus. Physiol Rep. (2015) 3:129A. doi: 10.14814/phy2.12435

 17. Frasch MG, Mansano R, Ross MG, Gagnon R, Richardson BS. Do repetitive umbilical cord occlusions (UCO) with worsening acidemia induce the Bezold-Jarisch reflex (BJR) in the ovine fetus near term? Reprod Sci. (2008) 15:129A. doi: 10.1177/19337191080150020102

 18. Frasch MG. Letter to the Editor: Bezold Jarisch reflex in the near-term fetus during labor: a matter of time. Am J Physiol Regul Integr Comp Physiol. (2021) 320:R519. doi: 10.1152/ajpregu.00051.2021

 19. Gold N, Herry CL, Wang X, Frasch MG. Fetal cardiovascular decompensation during labor predicted from the individual heart rate tracing: a machine learning approach in near-term fetal sheep model. Front Pediat. (2021) 9:593889. doi: 10.3389/fped.2021.593889

 20. Xu A, Durosier LD, Ross MG, Hammond R, Richardson BS, G FM. Adaptive brain shut-down counteracts neuroinflammation in the near-term ovine fetus. Front Neurol. (2014) 5:110. doi: 10.3389/fneur.2014.00110

 21. Amaya K, Matushewski B, Durosier L, Frasch M, Richardson B, Ross M. Accelerated acidosis in response to variable fetal heart rate decelerations in chronically hypoxic ovine fetuses. Am J Obstet Gynecol. (2016) 2:270. doi: 10.1016/j.ajog.2015.09.084

 22. Itskovitz J, LaGamma EF, M RA. Heart rate and blood pressure responses to umbilical cord compression in fetal lambs with special reference to the mechanism of variable deceleration. Am J Obstet Gynecol. (1983) 147:451–7. doi: 10.1016/S0002-9378(16)32243-8

 23. Richardson BS, Rurak D, Patrick JE, Homan J, Carmichael L. Cerebral oxidative metabolism during sustained hypoxaemia in fetal sheep. J Dev Physiol. (1989) 11:37–43.

 24. Xu A, Matushewski B, Cao M, Hammond R, Frasch M, Richardson B. The ovine fetal and placental inflammatory response to umbilical cord occlusions with worsening acidosis. Reprod Sci. (2015) 22:1409. doi: 10.1177/1933719115580994

 25. Prout AP, Frasch MG, Veldhuizen RA, Hammond R, Ross MG, S RB. Systemic and cerebral inflammatory response to umbilical cord occlusions with worsening acidosis in the ovine fetus. Am J Obstet Gynecol. (2010) 202:82. doi: 10.1016/j.ajog.2009.08.020

 26. Durosier D, Green G, Batkin I, Seely AJ, Ross MG, Richardson BS, et al. Sampling rate of heart rate variability impacts the ability to detect acidemia in ovine fetuses near-term. Front Pediatr. (2014) 2:38. doi: 10.3389/fped.2014.00038

 27. Gold N, Frasch MG, Herry CL, Richardson BS, Wang X. A doubly stochastic change point detection algorithm for noisy biological signals. Front Physiol. (2018) 8:1112. doi: 10.3389/fphys.2017.01112

 28. Richman J, Moorman R. Time series analysis using approximate entropy and sample entropy. Biophys J. (2000) 78:218A. doi: 10.1152/ajpheart.2000.278.6.H2039

 29. Richman JS, Moorman JR. Physiological time-series analysis using approximate entropy and sample entropy. Am J Physiol Heart Circ Physiol. (2000) 278:H2039–49.

 30. Lake DE, Richman JS, Griffin MP, Moorman JR. Sample entropy analysis of neonatal heart rate variability. Am J Physiol Regul Integr Comp Physiol. (2002) 283:R789–97. doi: 10.1152/ajpregu.00069.2002

 31. Pincus SM. Approximate entropy as a measure of system-complexity. Proc Natl Acad Sci USA. (1991) 88:2297–301. doi: 10.1073/pnas.88.6.2297

 32. Pincus S. Approximate entropy (ApEn) as a complexity measure. Chaos. (1995) 5:110–7. doi: 10.1063/1.166092

 33. Spilka J, Roux SG, Garnier NB, Abry P, Goncalves P, Doret M. Nearest-neighbor based wavelet entropy rate measures for intrapartum fetal heart rate variability. In: 2014 36th Annual International Conference of the IEEE Engineering in Medicine and Biology Society. Chicago, IL, IEEE (2014). p. 2813–2816.

 34. Granero-Belinchon C, Roux SG, Abry P, Doret M, Garnier NB. Information theory to probe intrapartum fetal heart rate dynamics. Entropy. (2017) 19:640. doi: 10.3390/e19120640

 35. Granero-Belinchon C, Roux SG, Garnier NB, Abry P, Doret M. Mutual information for intrapartum fetal heart rate analysis. Conf Proc of the IEEE Eng Med Biol Soc. (2017) 2017:2014–17. doi: 10.1109/EMBC.2017.8037247

 36. Shannon CE. A mathematical theory of communication. Bell Syst Tech J. (1948) 27:388–427. doi: 10.1002/j.1538-7305.1948.tb00917.x

 37. Frasch MG, Zwiener U, Hoyer D, Eiselt M. Autonomic organization of respirocardial function in healthy human neonates in quiet and active sleep. Early Hum Dev. (2007) 83:269–77. doi: 10.1016/j.earlhumdev.2006.05.023

 38. David M, Hirsch M, Karin J, Toledo E, Akselrod S. An estimate of fetal autonomic state by time-frequency analysis of fetal heart rate variability. J Appl Physiol. (2007) 102:1057–64. doi: 10.1152/japplphysiol.00114.2006

 39. Granero-Belinchon C, Roux SG, Abry P, Garnier NB. Probing high-order dependencies with information theory. IEEE Trans Signal Proc. 67:3796–805 (2019). doi: 10.1109/TSP.2019.2920472

 40. Granero-Belinchn C, Roux SG, Garnier NB. Information theory for non-stationary processes with stationary increments. Entropy. (2019) 21:1223. doi: 10.3390/e21121223

 41. Akselrod S, Gordon D, Ubel FA, Shannon DC, Berger AC, Cohen RJ. Power spectrum analysis of heart rate fluctuation: a quantitative probe of beat-to-beat cardiovascular control. Science. (1981) 213:220–2. doi: 10.1126/science.6166045

 42. Siira SM, et al. Marked fetal acidosis and specific changes in power spectrum analysis of fetal heart rate variability recorded during the last hour of labour. BJOG. (2005) 112:418–23. doi: 10.1111/j.1471-0528.2004.00454.x

 43. Gonçalves H, Rocha AP, de Campos DA, Bernardes J. Linear and nonlinear fetal heart rate analysis of normal and acidemic fetuses in the minutes preceding delivery. Med Biol Eng Comput. (2006) 44:847–55. doi: 10.1007/s11517-006-0105-6

 44. Van Laar JOEH, Porath MM, Peters CHL, Oei SG. Spectral analysis of fetal heart rate variability for fetal surveillance: review of the literature. Acta Obstet Gynecol Scand. (2008) 87:300–6. doi: 10.1080/00016340801898950

 45. Magenes G, Signorini MG, Ferrario M, Pedrinazzi L, Arduini D. Improving the fetal cardiotocographic monitoring by advanced signal processing. Conf proc of the IEEE Eng Med Biol Soc. (2003) 3:2295–8. doi: 10.1109/IEMBS.2003.1280374

 46. Siira S, Ojala TH, Vahlberg TJ, Rosn KG, Ekholm EM. Do spectral bands of fetal heart rate variability associate with concomitant fetal scalp pH? Early Hum Dev. (2013) 89:739–42. doi: 10.1016/j.earlhumdev.2013.05.007

 47. Costa M, Goldberger AL, Peng CK. Multiscale entropy analysis of complex physiologic time series. Phys Rev Lett. (2002) 89:068102. doi: 10.1103/PhysRevLett.89.068102

 48. Echeverria JC, Hayes-Gill BR, Crowe JA, Woolfson MS, Croaker GDH. Detrended fluctuation analysis: a suitable method for studying fetal heart rate variability? Phys Meas. (2004) 25:763–74. doi: 10.1088/0967-3334/25/3/015

 49. Porta A, Bari V, Bassani T, Marchi A, Tassin S, Canesi M, et al. Entropy-based complexity of the cardiovascular control in Parkinson disease: Comparison between binning and k-nearest-neighbor approaches. Conf Proc IEEE Eng Med Biol Soc (2013) 2013:5045–8. doi: 10.1109/EMBC.2013.6610682

 50. Spilka J, Roux SG, Garnier NB, Abry P, Goncalves P, Doret M. Nearest-neighbor based wavelet entropy rate measures for intrapartum fetal heart rate variability. In: Engineering in Medicine and Biology Society (EMBC). 2014 36th Annual International Conference of the IEEE. Chicago, IL, IEEE (2014). p. 2813–16.

 51. Magenes G, Signorini MG, Arduini D. Classification of cardiotocographic records by neural networks. Proc IEEEINNS-ENNS Int Joint Conf Neural Netw. (2000) 3:637–41. doi: 10.1109/IJCNN.2000.861394

 52. Chudek V, Anden J, Mallat S, Abry P, Doret M. Scattering transform for intrapartum fetal heart rate variability fractal analysis: a case-control study. IEEE Trans Biomed Eng. (2014) 61:1100–8. doi: 10.1109/TBME.2013.2294324

 53. Georgieva A, Papageorghiou AT, Payne SJ, Moulden M, Redman CWG. Phase-rectified signal averaging for intrapartum electronic fetal heart rate monitoring is related to acidaemia at birth. BJOG. (2014) 121:889–94. doi: 10.1111/1471-0528.12568

 54. Francis DP, Willson K, Georgiadou P, Wensel R, Davies LC, Coats A, et al. Physiological basis of fractal complexity properties of heart rate variability in man. J Physiol. (2002) 542(Pt 2):619–29. doi: 10.1113/jphysiol.2001.013389

 55. Doret M, Helgason H, Abry P, Gonçalvés P, Gharib C, Gaucherand P. Multifractal analysis of fetal heart rate variability in fetuses with and without severe acidosis during labor. Am J Perinatol. (2011) 28:259–66. doi: 10.1055/s-0030-1268713

 56. Abry P, Roux S, Chudáček V, Borgnat P, Gonçalves P, Doret M. Hurst exponent and intrapartum fetal heart rate: impact of decelerations. In: 26th International Symposium on Computer-Based Medical Systems (CBMS). Porto: IEEE (2013) p. 1–6. doi: 10.1109/CBMS.2013.6627777

 57. Doret M, Spilka J, Chudáček V, Gonçalves P, Abry P. Fractal analysis and hurst parameter for intrapartum fetal heart rate variability analysis: a versatile alternative to frequency bands and LF/HF ratio. PLoS ONE. (2015) 10:e0136661. doi: 10.1371/journal.pone.0136661

 58. Frasch MG, Mller T, Hoyer D, Weiss C, Schubert H, Schwab M. Nonlinear properties of vagal and sympathetic modulations of heart rate variability in ovine fetus near term. Am J Physiol Regul Integr Compar Physiol. (2009) 296:R702–7. doi: 10.1152/ajpregu.90474.2008

 59. Frasch MG, Frank B, Last M, Mller T. Time scales of autonomic information flow in near-term fetal sheep. Front Physiol. (2012) 3:378. doi: 10.3389/fphys.2012.00378

 60. Gierałtowski J, Hoyer D, Tetschke F, Nowack S, Schneider U, Zebrowski J. Development of multiscale complexity and multifractality of fetal heart rate variability. Auton Neurosci Basic Clin. (2013) 178:29–36. doi: 10.1016/j.autneu.2013.01.009

 61. Haritopoulos M, Illanes A, Nandi A. Survey on Cardiotocography Feature Extraction Algorithms for Fetal Welfare Assessment. Cham: Springer International Publishing (2016).

 62. Spilka J, Frecon J, Leonarduzzi R, Pustelnik N, Abry P, Doret M. Sparse support vector machine for intrapartum fetal heart rate classification. IEEE J Biomed Health Inform. (2016) 21:664–71. doi: 10.1109/JBHI.2016.2546312

 63. Abry P, Spilka J, Leonarduzzi R, Chudáček V, Pustelnik N, Doret M. Sparse learning for intrapartum fetal heart rate analysis. Biomed Phys Eng Express. (2018) 4:034002. doi: 10.1088/2057-1976/aabc64

 64. Herry CL, Burns P, Desrochers A, Fecteau G, Durosier LD, Cao M, et al. Vagal contributions to fetal heart rate variability: an omics approach. Physiol Meas. (2019) 40:065004. doi: 10.1088/1361-6579/ab21ae

 65. Li X, Xu Y, Herry C, Durosier LD, Casati D, Stampalija T, et al. Sampling frequency of fetal heart rate impacts the ability to predict pH and BE at birth: a retrospective multi-cohort study. Physiol Meas. (2015) 36:L1–L12. doi: 10.1088/0967-3334/36/5/L1

 66. Frasch MG. Heart rate variability code: Does it exist and can we hack it? (2020). https://arxiv.org/abs/2001.08264.

 67. Bernardes J, Moura C, de Sa JP, Leite LP. The Porto system for automated cardiotocographic signal analysis. J Perinat Med. (1991) 19:61–65. doi: 10.1515/jpme.1991.19.1-2.61

 68. Costa A, Ayres-de Campos D, Costa F, Santos C, Bernardes J. Prediction of neonatal acidemia by computer analysis of fetal heart rate and ST event signals. Am J Obstet Gynecol. (2009) 201:464.e1–464.e6. doi: 10.1016/j.ajog.2009.04.033

 69. Warrick PA, Hamilton EF, Precup D, Kearney RE. Classification of normal and hypoxic fetuses from systems modeling of intrapartum cardiotocography. IEEE Trans Biomed Eng. (2010) 57:771–9. doi: 10.1109/TBME.2009.2035818

 70. Georgieva A, Payne SJ, Moulden M, Redman CWG. Artificial neural networks applied to fetal monitoring in labour. Neural Comput Appl. (2013) 22:85–93. doi: 10.1007/s00521-011-0743-y

 71. Czabanski R, Jezewski J, Matonia A, Jezewski M. Computerized analysis of fetal heart rate signals as the predictor of neonatal acidemia. Expert Syst Appl. (2012) 39:11846–60. doi: 10.1016/j.eswa.2012.01.196

 72. Xu L, Redman CW, Payne SJ, Georgieva A. Feature selection using genetic algorithms for fetal heart rate analysis. Phys Meas. (2014) 35:1357–71. doi: 10.1088/0967-3334/35/7/1357

 73. Frasch M, Szynkaruk M, Prout A, Nygard K, Cao M, Veldhuizen R, et al. Decreased neuroinflammation correlates to higher vagus nerve activity fluctuations in near-term ovine fetuses: a case for the afferent cholinergic anti-inflammatory pathway? J Neuroinflammation. (2016) 13:103. doi: 10.1186/s12974-016-0567-x

 74. Amorim M, de Deus J, Cazuza R, Mota C, da Silva L, Borges G, et al. Neuroinflammation in the NTS is associated with changes in cardiovascular reflexes during systemic inflammation. J Neuroinflammation. (2019) 16:125. doi: 10.1186/s12974-019-1512-6

 75. Schotola H, Toischer K, Popov A, Renner A, Schmitto J, J G, et al. Mild metabolic acidosis impairs the β-adrenergic response in isolated human failing myoardium. Crit Care. (2012) 16:R153. doi: 10.1186/cc11468

 76. Mitchell J, Wildenthal K, Johnson RJ. The effects of acid-base disturbances on cardiovascular and pulmonary function. Kidney Int. (1972) 1:375–89. doi: 10.1038/ki.1972.48

 77. Kimmoun A, Novy E, Auchet T, Ducrocq N, Levy B. Hemodynamic consequences of severe lactic acidosis in shock states: from bench to bedside. Crit Care. (2015) 19:175. doi: 10.1186/s13054-017-1624-2

 78. Allison BJ, Brain KL, Niu Y, Kane AD, Herrera EA, Thakor AS, et al. Altered cardiovascular defense to hypotensive stress in the chronically hypoxic fetus. Hypertension. (2020) 76:1195–207. doi: 10.1161/HYPERTENSIONAHA.120.15384

 79. Rivolta M, Stampalija T, Frasch M, Sassi R. Theoretical value of deceleration capacity points to deceleration reserve of fetal heart rate. IEEE Trans Biomed Eng. (2020) 67:1176–85. doi: 10.1109/TBME.2019.2932808

Conflict of Interest: MF has an aECG patent WO2018160890A1.

The remaining authors declare that the research was conducted in the absence of any other commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Roux, Garnier, Abry, Gold and Frasch. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/inline_27.gif





OPS/images/inline_26.gif





OPS/images/inline_29.gif





OPS/images/inline_28.gif





OPS/images/inline_23.gif
d(k)





OPS/images/inline_22.gif
[l Il





OPS/images/inline_25.gif





OPS/images/inline_24.gif







OPS/images/inline_20.gif






OPS/images/inline_2.gif
ZpoEry)






OPS/images/inline_21.gif





OPS/images/logo.jpg
, frontiers
in Pediatrics





OPS/images/math_9.gif
©





OPS/images/inline_17.gif





OPS/images/inline_16.gif
LT
By





OPS/images/inline_19.gif
[l Il





OPS/images/inline_18.gif





OPS/images/inline_13.gif





OPS/images/inline_15.gif
LT gt RLT
Mings.: Opngs» Rongs





OPS/images/inline_14.gif





OPS/images/inline_10.gif





OPS/images/inline_1.gif





OPS/images/inline_12.gif





OPS/images/inline_11.gif
[BA]





OPS/images/math_10.gif
(10)






OPS/images/math_1.gif
L
,,,,(,),, 2 =% ,>77 PR S

TS





OPS/images/fped-09-660476-t003.jpg
mur

Mean, over animals and over k -0.0067
Mean, over animals, fixedk =0  -0.0009
Std, over animals and over k 0.0156
Std, over animals, fixed k = 0 0.0040

o

0.0688
0.0579
0.0282
0.0221

Rur

-0.0262
0.0128
0.1630
0.1082

hir

0.6957
0.8811
0.4127
0.1970

First and thirc lnes: averages over animals and over time-windows (k). Second and fourth

lines: averages over animals, using the first (k

time-window [0; T) only.





OPS/images/math_6.gif
RAs)

R(®) = 2 Rerje(@). ©

lT/tJ





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Distance to Healthy Metabolic and Cardiovascular Dynamics From Fetal Heart Rate Scale-Dependent Features in Pregnant Sheep Model of Human Labor Predicts the Evolution of Acidemia and Cardiovascular Decompensation



		1. Introduction



		2. Materials: Sheep Animal Model and Umbilical Cord Occlusions



		3. Methods: Time Scale-Dependent Features



		3.1. Sliding Window Analysis



		3.2. Scale Dependent Features



		3.2.1. Mean Variation (or Local Trend) at Time-Scale τ



		3.2.2. Standard Deviation at Time-Scale τ



		3.2.3. Normalized Local Trend at Time-Scale τ



		3.2.4. Entropy Rate at Time-Scale τ













		4. Results and Discussion: Features, Time-Scales and Distance to Healthy State



		4.1. Features and UCO Strength



		4.2. FHR Features, Arterial Metabolites and pH



		4.3. Long-Term Scales Averaged FHR Features



		4.4. Distance to Healthy State, Metabolites and pH



		4.5. Distance to Healthy State as a New Sentinel for CVD







		5. Conclusions and Outlook



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		References

















OPS/images/fped-09-660476-t002.jpg
mg ox Rw hr |l@ D pH  BE Lactate
mr 100 051 077 060 029 -087 053 048 -036
ar -051 100 -0.19 -0.43 035 061 -042 -0.36 035
Ra 077 019 100 042 014 -063 050 048 -035
e 060 -0.43 042 100 0.89 -076 050 043 -0.32
norm|fill 029 -035 0.14 089 1.00 -050 035 029 -021
distance D -087 061 -063 -076 -0.50 100 [EOB [E05Y [NOHAY
pH 053 -042 050 050 035 100 095 -0.77
BE 048 -036 048 043 029 095 100 -072
Lactate  -0.36 035 -0.35 -0.33 -0.21 077 072 100

Datafrom all 14 animals and allavailable time-windows were used. Colored velues indicate
the quantity which correlates better with the biochemical measurement; it is always the

distance D.





OPS/images/math_5.gif





OPS/images/fped-09-660476-t005.jpg
Animal ID Baseline Mild UCO Moderate UCO Severe UCO

8003 1% 2% 6% 22%
478351 3% NaN 4% 9%
Hypoxic 473376 2% 1% 3% 8%
478726 0% 1% 19 16%
473362 2% 2% 16% 8%
473352 5% NaN 1% 1%
5054 1% 0% 19% 2%
461060 1% 0% 1% 42%
5060 9% 20% 1% 23%
Normoxic 473360 9% 4% 4% 18%
473378 0% 0% 2% 24%
ara727 5% 3% 8% 17%
478377 1% 0% 19 6%
478361 5% 3% 19% 10%

For each time-window of size T = 20 min, we divide the number of missing date points
by the expected number of points (=20x60x4), and we then average this ratio over all
time-windows available in a given regime.
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Comparison of the visually determined vs. computed predictions: tcyp from Gold et al.
(27) as reference, and our new distance time tp, computed by requiing D > 2.5 for at
least 3 consecutive time-windows, spanning a total duration of 30 min. Times are counted
from the first UCO, and values in parenthesis indicate times counted from the beginning of
the experiment, to compare with figures. AABP indicates the ABP difference at tcyp. The
color indicates during which UCO phase CVD occured: mild (green), moderate (magenta)
or severe (red). The last column reports the difference tcyp — tp between the reference
CVD time, always earlier than toy, and the new tp. Positive values indlicate  detection
earlier than tcyp. All data are derived from 4 Hz sampled FHR signal.
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Values in parenthesis are times counted from the beginning of the recording as represented on the time-axis of Figures 1, 8, 9, 10. For animals 473351 and 473352, the first UCO had
a moderate effect (of decreasing FHR by about 60 bpm), so phase names have been shifted accordingly.
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