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A critical signal for phenotype
transition driven by negative feedback loops

Yao Wang,1,2,5 Yingying Dong,3,5 Qiaocheng Zhai,3 Wei Zhang,4 Ying Xu,3,* and Ling Yang1,2,6,*

SUMMARY

The biological rhythms governed by negative feedback loops have undergone extensive investigation.
However, developing reliable and versatile warning signals to predict periodic fluctuations in physiolog-
ical processes and behaviors associated with these rhythms remains a challenge. Here, we monitored the
heart rate and tracked ovulation dates of 91 fertile women. The finding strongly links the velocity (deriv-
ative) of heart rate with ovulation in menstrual cycles, providing a predictive warning signal. Similarly, an
analysis of calcium signaling in the suprachiasmatic nucleus (SCN) of mice reveals that the maximum veloc-
ity of rising calcium signal aligns with locomotor activity offsets. To demonstrate the generality of deriv-
ative-transitions link, numerical simulations using a negative feedback loopmodel were conducted. Statis-
tical analysis indicated that over 90% of the oscillations exhibited a correlation between maximum
velocity and transition points. Consequently, the maximum velocity derived from oscillatory curves holds
significant potential as an early warning signal for critical transitions.

INTRODUCTION

Oscillatory phenomena are prevalent in biological systems and are often driven by time-delayed negative feedback loops, including circadian

rhythms,1 monthly cycles,2 and seasonal cycles.3 Negative feedback loops are critical for the cyclical physiological and behavioral transitions,

such as activity-rest, ovulation, and blood pressure regulation. However, accurately predicting or capturing tipping points in oscillations

before a critical transition occurs remains a notable challenge in the field.

The female menstrual cycle is a complex monthly process that involves menstruation, the follicular phase, ovulation, and the luteal phase.

This cycle is governed by the hypothalamic-pituitary-ovarian axis throughmultiple feedback loops.4–8 Each phase is strictly controlled by hor-

mones produced by the hypothalamus, pituitary gland, and ovaries.9 Previous studies have suggested using heart rate variability,10 blood

pressure,11 and body temperature12 as early warning signals for menstrual cycle phase transitions. Machine learning algorithms have also

been developed to predict ovulation by integrating various physiological parameters, including heart rate.13 However, these indicators

lack universality and detailed mechanistic understanding.

Heart rates are regulated by the autonomic nervous system in order tomaintain homeostatic balance: the parasympathetic nervous system

decreases heart rate, while the sympathetic nervous system increases heart rate.14 The heart rate pattern is shaped by humoral and neural

feedbacks, as well as circadian commands. Given that heart rate and heart rate oscillations both depend on balanced activation and inhibi-

tion, we aim at disentangling true heart rate oscillations driven by the menstrual cycle that link to the ovulation phase. Negative feedback

loops are generated through activator-induced inhibitor regulatory motifs with assigned functions for input-output behavior.15 The mecha-

nism of this inhibitory function involves modifying the rate of change of the suppressed factor, which can be realized by accelerating the

degradation or promoting the production of the inhibited factor. Therefore, it is plausible that estimating velocity trajectories based on oscil-

lation curves allows for inferences in predicting tipping points.

Here, we enrolled fertile women and used menopausal women and men as negative controls. We recorded their heartbeats using wear-

able devices, as previously described.16We focused on identifying patterns related to ovulation and determining whether velocity trajectories

could help identify critical points or early warning signals for ovulation.We also examined whether these velocity trajectories could be applied

to other oscillatory phenomena, such as calcium signals in the suprachiasmatic nucleus (SCN) that facilitate forward locomotion. Finally, we

used a three-variable negative feedback oscillator model to analyze the relationship between velocity trajectories and the trough phase of

transition points along the oscillatory curve.

1School of Mathematical Science, Soochow University, Suzhou 215006, China
2Center for Systems Biology, Soochow University, Suzhou 215006, China
3Jiangsu Key Laboratory of Neuropsychiatric Diseases and Cambridge-Su Genomic Resource Center, Suzhou medical college of Soochow University, Suzhou 215123, China
4Institute of Science and Technology for Brain-Inspired Intelligence, Fudan University, Shanghai 200433, China
5These authors contributed equally
6Lead contact
*Correspondence: yingxu@suda.edu.cn (Y.X.), lyang@suda.edu.cn (L.Y.)
https://doi.org/10.1016/j.isci.2023.108716

iScience 27, 108716, January 19, 2024 ª 2023 The Authors.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1

ll
OPEN ACCESS

mailto:yingxu@suda.edu.cn
mailto:lyang@suda.edu.cn
https://doi.org/10.1016/j.isci.2023.108716
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2023.108716&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


RESULTS

Fertile women display a monthly rhythm of heart rate

To investigate the connection between heart rate and menstrual cycle, we recruited a group of fertile women (24.44 G 2.84), men (38.80G

10.82), and menopausal women (57.08G 5.44) (as described in the STAR Methods) and collected minute-level heart rate using wearable de-

vices (Figure S1A). To exclude the effects of daytime activities, emotions, and unexpected events, we calculated the average heart rate during

the rest period at night (Figures S1B and S2).We also conducted a spectral analysis, discrete cosine transform (DCT) (as described in the STAR

Methods), to examine the regularity of the daily average heart rate. The average daily heart rate of each participant was analyzed by DCT to

obtain the coefficient curve. To obtain generalizable results, we statistically analyzed the coefficient curves for all fertile women, all men, and

all menopausal women. Figure 1 illustrates the average DCT coefficient curves (line) and the range of standard deviations (shading) of the

coefficient curves for the three groups. The results revealed that fertile women have a regularmonthly rhythm of heart rate, with a pronounced

peak occurring approximately every 30 days (Figure 1A). Importantly, this period feature was not observed in menopausal women and men

(Figures 1C and 1D). These results suggest that monthly rhythm of heart rate is a robust feature of the menstrual cycle in fertile women.

The velocity trajectory correlates with the menstrual cycles

Since the heart rates of fertile women show a prominent monthly rhythm, we further explored their characteristics within menstrual cycles.

Before further data processing, the daily average heart rate did not show an ovulatory signature. The graph clearly shows that ovulation

does not occur at the peak or trough of the daily average heart rate (Figure S3A). Statistical analysis showed a lack of correlation between

ovulation and the distance to peak or trough (Figure S3B), implying that the daily average heart rate itself cannot serve as an early warning

sign for ovulation. We further supplemented the missing data with linear interpolation and smoothed the heart rate using Butterworth low

pass filtering with appropriate filtering parameters (as described in the STAR Methods). Ovulation occurs at the low-to-high part of the heart

rate, and menstruation occurs at the decreasing heart rate (Figure S4A), but it was still difficult to distinguish ovulation from menstruation

based on the heart rate values (Figures S4B and S4C).

Given that the menstrual cycle is governed by multiple feedback loops such as the negative feedback loop of the hypothalamic-pituitary-

ovarian axis, inhibitory factors act to inhibit the production of the targetmolecule by reducing its production rate or increasing its degradation

or conversion rate. Therefore, the change rate of the inhibited factor, rather than its absolute level, is a direct reflection of the strength and

activity of the inhibitory factor in inhibitory signal transduction.

We thus statistically analyzed the derivative curve, which is a mathematical representation of the rate of change in a variable over time. We

found that most of the derivatives at ovulation are greater than 0, and the derivatives at menstruation are less than 0 (Figure S4D), suggesting

that the derivative curve is more likely to reflect the characteristics of the menstrual cycle. In Figure 2A, the derivative curve of one subject is

presented, indicating that the ovulation was approximately at the peaks andmenstruation was approximately at the troughs of the curve. The

violin plot shows that the distances between ovulation and the peaks of the derivative curves are distributed in a relatively narrow range (Fig-

ure 2B). There are 65.79% of the ovulations distributed within the 7-day span of the peak (three days before to three days after). The distances

between menstruation and troughs are also in a relatively narrow range, and 70.83% of the menstruation is in the 7-day span around the

troughs (Figure 2B). This result indicates that the extreme points of the derivative curve may serve as a biomarker for menstruation and

ovulation.

The maximum velocity corresponds to the menstrual cycle transition

We aim to investigate whether the maximum value points of the velocity can serve as critical points for ovulation. It is well known that indi-

viduals can differ in their physiological characteristics and responses. This can result in variations in the lengths of the menstrual cycle, as well

Figure 1. The heart rate of fertile women shows a monthly rhythm

(A) Average periodogram across all fertile women (N = 91) shows monthly rhythm (peak at 29.27 days). Shade indicates DCT coefficient G SD.

(B and C) Average periodogram across all menopausal women (N = 12) and all men (N = 15), respectively.
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as the amplitudes of the heart rate signal between individuals. Therefore, it is important to adjust for normalizing the menstrual cycle to

28 days17 The flowchart illustrated in Figure S5 outlines our approach. To investigate the correlation between ovulation and the peaks of

the velocity profile, we divided the curve into cycles at the trough of the derivative curve and rescaled them to a standard 28-day length.

Upon averaging all cycles, we discovered that ovulation occurred at the peak of the derivative curve (Figure 3A). Furthermore, the relationship

between the peak of the derivative curve and ovulation still exists across different individuals, despite variations in their menstrual cycle

lengths (Figures 3B and 3C). If a calendar-basedmethod is used to predict ovulation in cycles with irregular length, the estimation of ovulation

time is highly inaccurate. This suggests that the early warning signal is not dependent on the specific physiological characteristics of each

individual but rather reflects a more general physiological response.

In real-time prediction, using the maximum value of the first-order derivative as a direct criterion presents challenges. This is due to the

difficulty in determining whether the maximum value has been reached in the absence of subsequent data. One approach is to employ ma-

chine learning techniques to train the prediction system to identify indicative features associated with extreme values of the first-order de-

rivative. Inputs such as the first-order derivative itself (rather than the extreme value), as well as the second-order derivative (whose approach

to 0 can reflect the emergence of the extreme value), can be used to train the system, as the tendency for the extreme value to emerge is often

embedded in these data. However, our study is constrained by data limitations. We have established that first-order derivative maxima can

serve as a biomarker for ovulation, but further data are essential to train a comprehensive predictivemodel capable of real-time forecasting. In

addition, some existing prediction methods, such as Kalman filtering, can be considered for predicting the subsequent heart rate trend to

determine the extreme value of the first-order derivative.

The amplitude of oscillation is required for the accuracy of biomarkers

External factors such as environment, emotional stress, and illness can influence both ovulation and heart rate, which may affect the accuracy

of using heart rate as a biomarker. Because the robustness, especially the amplitude, of oscillation is a critical characteristic of oscillatory sys-

tems, it is hypothesized that the derivative feature of stronger oscillations is more accurate for detecting the early warning signal for ovulation.

To investigate the relationship between heart rate amplitude and ovulation position, we first studied several cases. The accuracy of the

biomarker for different amplitude scenarios is demonstrated in Figures 4A–4F. Figure 4A illustrates a cycle with a higher amplitude of heart

rate (7.13) and a distance of�1 day between ovulation and the peak of the derivative (Figure 4D). In contrast, Figure 4B depicts a cycle with a

lower amplitude (3.87) and a distance of 3 days between ovulation andpeak (Figure 4E), which is larger than that of Figure 4D. Figure 4C shows

a case where the amplitude (1.09) is particularly small, and ovulation occurs far from the peak of the derivative.

We then conducted a statistical analysis to further investigate the relationship between heart rate amplitude and ovulation position. In

Figure 4G, the green dots represent the relationship between the amplitudes and the distances of ovulation position in all cycles. These

dots indicate a negative correlation between the amplitude and distance, meaning that, the larger the amplitude, the smaller the distance

tends to be. The spearman correlation coefficient is� 0:2894 with a p value of 0.0665.We computed the average values for data points below-

and above-zero distance, with an amplitude interval of 1.5 for each set (dotted lines in Figure 4G). The Spearman correlation coefficient for the

absolute value of these average values is � 0:9762, and the p value is 3:973 10� 4. These results demonstrate that the distance between

ovulation and peak tends to decrease as the amplitude increases. It implies that the effectiveness of the biomarker highly depends on the

oscillatory ability of the system. Thus, the amplitude of the oscillations is a critical factor in ensuring the accuracy of ovulation prediction.

The maximum velocity of calcium signaling in the SCN coincides with the locomotor offset

Given that biological oscillations typically share a similar driving mechanism, it is uncertain whether a similar biomarker relying on derivatives

can be applied to other endogenous biological rhythms. One of the most prevalent rhythmic oscillations is the circadian rhythm, which is

observed in various aspects of cellular physiology, such as intracellular calcium signals18 and electronic signals.19 To investigate further,

we analyzed an additional set of experimental data obtained from a circadian rhythm study.20,21

Figure 2. The day of ovulation and the first day of menstrual bleeding correspond to the peak and trough of the velocity trajectory of the heart rate,

respectively

(A) The velocity trajectory (derivative) of the heart rate of one subject is presented.

(B) Two violin plots demonstrate the distribution of the distance between the peak and ovulation and the distance between the trough and the first day of

menstruation on the velocity trajectory of the heart rate.
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In the experiment, we analyzed two sets of data:Ca2+ signals in the SCN (Figure 5B) and activity (Figure 5A) inmice.20,21 Themice exhibited

a locomotor circadian rhythm (Figure 5A), while the SCN presented spontaneous calcium oscillations (Figure 5B). We filtered the calcium sig-

nals of four mice and found that the mean time of the activity offset coincided with the rising part of the calcium signal (Figure 5C). Next, we

normalized and averaged all filtered calcium signals to obtain the mean derivative curve. The transition point of activity in mice was located

approximately at the peak of the derivative curve (Figure 5D), which is similar to the correlation between ovulation and heart rate. Further-

more, this correlation is also present between SCN electrical signals and mouse activity.19

The characteristics of the calcium signal and the electrical signal suggest that themaximum values of the rate of change, as a biomarker for

transition points, may not be specific to monthly rhythms alone and could potentially be applicable to other endogenous biological rhythms

that are governed by negative feedback oscillations.

The maximum of the derivative has the potential to serve as a universal biomarker

In the preceding sections, we examined how monthly and circadian rhythms share the feature of exhibiting maximum derivatives as bio-

markers for behavioral transitions. This led us to question the underlying mechanisms responsible for these similarities and whether they

extend to other domains. Negative feedback is a well-known driver ofmany biological oscillations, including the classic circadian rhythmoscil-

lator. Other biological oscillations, such as the oscillations of p53 in response to ionizing radiation22 and the oscillations of nuclear factor k B

(NF-k B) in response to stimulation by tumor necrosis factor,23 also rely on negative feedback, although their regulatory networks may involve

complex positive feedback and other forms of regulation. Likewise, the regulation of the menstrual rhythm is complex, with both positive and

negative feedback playing critical roles in the hypothalamic-pituitary-ovarian axis. Therefore, we propose that negative feedback could be the

fundamental factor behind the derivative biomarkers in these biological oscillations.

We delved deeper into the biomarker of negative feedback oscillators through a mathematical model. We proposed a simplified

3-component conceptual model that captures the essential mechanism of negative feedback oscillators. In this model, variable x activates

y, which activates z, and z, in turn, exerts negative feedback to inhibit x (Figure 6A). In the negative feedback loop, z acts as the inhibitory

factor, and x is the inhibited factor. Themodel incorporates Hill function terms to describe the dynamics of x, y, and z. The ordinary differential

equations for the three variables are

dx

dt
= k1$

K1
n1

K1
n1+zn1

� kd1
$x (Equation 1)

dy

dt
= k2$

xn2

K2
n2+xn2

� kd2
$y (Equation 2)

dz

dt
= k3$

yn3

K3
n3+yn3

� kd3
$z (Equation 3)

In this model, the Hill function K1
n1

K1
n1+zn1 represents the inhibition of z on x, xn2

K2
n2+xn2 represents the promoting effect of x on y, yn3

K3
n3+yn3 is the

promoting term of y on z, ki ði = 1; 2; 3Þ represents the maximum production rate, ni ði = 1; 2; 3Þ represents the Hill coefficient, and

kdi ði = 1; 2; 3Þ represents the degradation rate. This model can be applied to describe the core negative feedback in various biological os-

cillations. To investigate whether the derivative of x could serve as an indicator of the turning point of z, as observed in the biomarker of

monthly and circadian rhythms, we explored the model further.

Figure 3. Ovulation corresponds to the peak of the velocity trajectory of the heart rate and applies to different cycle lengths

(A) Divide the velocity trajectory of the heart rate curve into cycles at the troughs and rescale all divided cycles into 28 days. The blue curve is the average of all

derivatives of the heart rate curves for all cycles, and the average ovulation day is approximately at the maximum of this curve.

(B) Four menstrual cycles (shaded areas) with different lengths, which are 24, 29, 35, and 41 days, respectively.

(C) The derivative curves and ovulation markers correspond to the cycles in Figure 3B.
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The menstrual cycle involves complex physiological phenomena and intrinsic mechanisms that require the multifaceted interaction of

hormones and organs through the hypothalamic-pituitary-ovarian axis (Figure S6A). The hypothalamus releases pulsatile gonadotropin-

releasing hormones, which stimulate the pituitary gland to produce gonadotropins (follicle-stimulating hormone [FSH] and luteinizing hor-

mone [LH]). These gonadotropins promote the secretion of ovarian steroids (estradiol, progesterone) and non-steroids (inhibin A, inhibin

B, and gonadotropin surge-attenuating factor [GnSAF], etc.), which are essential components of the negative feedback mechanism.

Various studies have modeled the menstrual cycle from different perspectives, such as the intrinsic mechanism that triggers the LH surge,24

description of the dynamics of hormones, enzymes, receptors, and follicles,25 the model of gonadotropin hormone-releasing hormone

[GnRH] receptor binding,26 the model of ovarian reserve capacity,27 and the pulsatile secretion of hypothalamic and pituitary hormones

from a cellular endocrine perspective.28 In this study, we focus on one of the key negative feedbacks in the hypothalamic-pituitary-ovarian

axis as a driving force of the oscillation. Using the model described by Equations 1, 2, and 3, we describe the feedback loop of the men-

strual cycle, with variables x, y, and z representing the GnRH, FSH/LH, and GnSAF secreted by the hypothalamus, pituitary gland, and

ovaries, respectively (Figure S6B).

In themodel, the variable z represents the hormone secretedby the ovary that inhibits the secretion or function of hypothalamic hormones.

For example, the hormone GnSAF, produced by the ovary, inhibits the function of GnRH, which in turn stimulates the release of gonadotro-

pins (Figure S6B). GnSAF levels decrease during the follicular phase and rise in the late luteal phase.29 During the transition phase between

the follicular and luteal phases, GnSAF is at a low level, and there is a surge of LH at this time. Therefore, ovulation occurs at the trough of the

variable z in the model. Additionally, heart rate, which is regulated by the hypothalamus,30–32 is represented in the model by variable x. As a

result, the relationship between heart rate and ovulation, as demonstrated in themenstrual cycle data, is reflected in themodel as the relation-

ship between the derivative of x and the turning point of z.

Circadian rhythm is a fundamental biological rhythm that is driven by negative feedback loops. In mammalian, CLOCK and BMAL are pro-

teins involved in the regulation of circadian rhythms. The unbound CLOCK-BMAL protein activates the Per (period) and Cry (cryptochrome)

genes, facilitating their transcription intomRNA andproducing the protein complex PER-CRY. By binding to theCLOCK-BMAL complex, PER-

CRY exerts an inhibitory effect on the transcriptional activation of the Per and Cry genes by CLOCK-BMAL (Figure S6C).33 The CLOCK-BMAL

and PER-CRY negative feedback loop is the key driving force of themammalian circadian rhythm.When using themodel (Equations 1, 2, and 3)

to describe the feedback loop of circadian rhythm, the variables x, y, and z represent CLOCK-BMAL, mRNA of Per-Cry genes, and PER-CRY,

respectively (Figure S6D). As the calcium signal is correlated with CLOCK-BMAL (x),34,35 the calcium signal can represent x. Based on the

experimental results, the position where the calcium signal increases fastest corresponds to the turning point of the activity. Therefore, the

maximum value of the derivative of x can serve as a biomarker of activity in circadian rhythms.

Figure 4. The distances between the ovulation and the derivative maxima decreas as the heart rate amplitude increases

(A–C) Heart rates from three different subjects, with different amplitudes of the heart rates.

(D–F) The derivative curves corresponding to the heart rate shown in Figures 4A–4C. The ovulation marker is farther away from the maximum value as the

amplitude increases.

(G) The greater the heart rate amplitude, the closer the distance between ovulation and the maximum value of the heart rate derivative. The two red lines

represent the average distance, in amplitude increments of 1.5, from ovulation to the peak of the derivative. The positive and negative distances distinguish

between ovulation to the left or right of the peak.
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Therefore, we conducted numerical simulations to verify that themaximum value of the derivative of x can serve as a biomarker in negative

feedback-driven oscillators, as observed in biological experiments. We explored a large number of randomly selected parameter sets in the

3-variable negative feedback model (Equations 1, 2, and 3) using computational methods. Specifically, we sampled 100,000 parameter sets

uniformly in the parameter space on a logarithmic scale using the Latin hypercube sampling method.36 The parameters were sampled in the

range ki �10� 2 � 103,Ki �10� 2 � 103, kdi �10� 2 � 103, ni � 1 � 10 (integer), i = 1; 2; 3. In oscillatory systems, we defined the relative phase

difference between themaximum value of the derivative of x and theminimum value of z (indicates the phenotype transition) asD4 = d1= d2 ,

whered1 is the closest distance between the peak point of the derivative of x and the trough of z and d2 is the period length (Figure 6B). Out of

these parameter sets, 1,229 sets of parameters could generate oscillations, and of those, 92.6% had a D4 of less than 10% (Figure 6C). This

indicates that when a system is capable of oscillating, it is natural for the phase difference (D4) to be relatively small (<10%), meaning that the

maximumpoint of the derivative of x is close to the turning point of z in most parameter sets. This result is consistent with experimental data in

which ovulation is located at the maximum of the heart rate derivative, thus validating the proposed biomarker of ovulation.

We further investigated whymost of the oscillations have a small relative phase difference between themaximum value of the derivative of

x and the minimum value of z, regardless of the parameters. The menstrual cycle data show a negative correlation between the oscillatory

ability of the system and the phase difference (Figure 4), as it suggests that the strength of negative feedback is crucial for accuracy of the

biomarker. Thus, we analyzed the inhibited factor metabolism index (IFM) measured as k1=kd1 in the 1,229 sets of oscillations, where k1 rep-

resents the production of the suppressed factor and kd1 represents its degradation rate. First, within the oscillatory systems, we found that the

average IFM value is 1603.8559 and the proportion of IFM values greater than 1 constitutes 84.54% of the distribution. In the non-oscillatory

systems, the average IFM value is 748.5009, and the proportion of IFM values exceeding 1 is 49.61% (Figure 7A). These results suggest that the

generation of oscillations requires the relatively large IFM. Then, our results show a consistent negative relationship between negative feed-

back strength and D4 (Figure 7B). The earlier analysis demonstrates that the generation of system oscillations requires a relatively large IFM,

which corresponds to a small D4. Furthermore, if the system has a strong oscillation capacity, the early warning points presented previously

will naturally exhibit higher accuracy.

Using one of the parameters sets as a case study, we further demonstrated the link of oscillation ability - large IFM— D4. The bifurcation

diagram shows that, as IFM decreases, the system undergoes a Hopf bifurcation (log10ðNFSÞz1:0398): from a stable limit cycle to the non-

oscillatory steady state (Figure 7C). Figure 7D illustrates how the amount of x varies (indicated by colors) along the time under different IFM.

When log10ðIFMÞ is more than 1.0398, the system oscillates and has a stable limit cycle. For instance, point a in Figure 7C represents the un-

stable steady state when log10ðIFMÞ = 1:5, while points b and c represent the maximum and minimum points of the system oscillation,

respectively. At log10ðIFMÞ = 1:5, the color of x varies periodically with time due to the oscillation (Figure 7D). However, when log10ðIFMÞ
decreases and crosses 1.0398, the steady state becomes stable, and the oscillation disappears. When log10ðIFMÞ = 0:8, point d in Figure 7C

represents a stable steady state and the color of x remains constant, indicating a non-oscillatory system (Figure 7D). This case shows that the

oscillating system requires a relatively large negative feedback strength; otherwise the system cannot oscillate. Our numerical simulation re-

sults also display a negative correlation between IFM and D4 (Figure 7E), indicating that, when the negative feedback strength of the system

reaches a certain level, it turns from non-oscillatory to oscillatory, and D4 decreases. Since oscillating systems are typically associated with

relatively large IFM, small D4 is implied. Therefore, when the system is oscillating, D4 will be small, and the peak point of the derivative of

x will be close to the turning point of the physiological activity.

We also found that the amplitude (half of the difference between the maximum and minimum values of x) of the oscillation increases with

IFM (Figure 7C), while D4 and the amplitude of the system show a negative correlation (Figure 7F). This finding is consistent with our

Figure 5. Transition points of activity on circadian rhythms are correlated with the maximum velocity trajectory

Mice were first entrained under 12 h:12 h light-dark cycles for 2 weeks. Then, wheel activity and Ca2+ signals were recorded under dark conditions.

(A) One representative actogram of wheel running was aligned to the Ca2+ signals in Figure 5B. CT12 corresponds to subjective dusk, and CT24 corresponds to

subjective dawn.

(B) The intracellular Ca2+ signals (fluorescence intensity normalized to 0 to 100) in the SCN of four mice.

(C) Filtering of the calcium signal in Figure 5B.

(D) The average of the derivatives of the curves in Figure 5C.

ll
OPEN ACCESS

6 iScience 27, 108716, January 19, 2024

iScience
Article



experimental results (Figure 4) that higher amplitude oscillations lead to a more accurate biomarker. Thus, in a robust oscillating system, the

location of the maximum value of the derivative of x can serve as a marker for the turning point of physiological activity.

DISCUSSION

Our study reveals that the peak value of the derivative of the daily average heart rate can serve as a reliable biomarker of ovulation. Addition-

ally, we observed a distinctmonthly rhythmicity in the daily average heart rate of womenof reproductive age usingDCT analysis. However, the

daily average heart rate curves and smoothed curves did not clearly reflect ovulation.We found that the characteristics of the heart rate during

ovulationmay be reflected in the positive derivatives of the daily average heart rate curves, which were observed to be in the ascending phase

on the day of ovulation. Statistical analysis revealed that the point of the maximum value on the derivative curve of the heart rate corresponds

to the day of ovulation, even in irregular cycles, making this feature of the heart rate a valuable marker for ovulation. Furthermore, menstrual

cycles with higher heart rate amplitude exhibit biomarkers with greater accuracy.

Our study highlights the potential of using derivatives of upstream signals as biomarkers for critical transitions in downstream activity, not

only in the context of monthly rhythms but also in circadian rhythms. Our experiments demonstrated that the maximum value point of the

calcium signal derivative in the SCN is correlated with the offset point of running wheel activity in mice. Similarly, a study19 showed that

the maximum value point of the electrical signal derivative in the SCN is correlated with the offset point of mouse activity. These findings

suggest that the extreme value of the derivative point can serve as a valuable biomarker for identifying the transition point of physiological

activity, with broader implications beyond monthly rhythms.

Finally, we developed a mathematical model that incorporates negative feedback loops and conducted a random parameter search to

verify the robustness of themaximum value point of the derivative as a marker for turning points. Out of 100,000 sets of stochastic parameters

tested, 1,229 were found to be oscillatory. Statistical analysis showed that, in over 90% of the oscillatory systems, the maximum value of the

derivative of the variable x was close to the minimum value of the variable z, suggesting that the peak point of the derivative of x can be used

as a reliablemarker of the turning point of z as long as the system is oscillatory. Importantly, thismarker is independent of parameters and thus

generalizable. Our analysis also revealed that oscillatory systems are accompanied by stronger negative feedback, and this negative feedback

strength is negatively correlatedwith the phase difference between the peak of the derivative of variable x and the trough of variable z. There-

fore, a small phase difference is naturally observed as long as the system is oscillating. These findings support the universality of thismarker for

identifying turning points in a broad range of oscillatory systems.

Additionally, this biomarker may have practical applications in healthcare, such as predicting the onset of disease or monitoring disease

progression. For example, in cardiovascular disease, changes in heart rate variability have been linked to disease progression and out-

comes.16 The biomarker we proposed could potentially be used to monitor changes in heart rate and predict disease onset or progression.

Furthermore, it could be used in personalized medicine to optimize drug dosing based on the timing of physiological activity in individual

patients. Overall, while further validation is necessary, the potential applications of this biomarker are promising and warrant further

investigation.

Importantly, our proposed biomarker may have clinical applications for couples undergoing fertility treatment. In assisted reproductive

technologies (ARTs), the precise timing of ovulation is critical for successful outcomes. The use of our biomarker in combination with other

predictivemethodsmay increase the chances of success in ART procedures. Furthermore, for womenwho are trying to conceive naturally, our

biomarker could help increase the chances of successful conception by identifying the optimal time for intercourse. Overall, the use of our

biomarker has the potential to improve the accuracy and effectiveness of ovulation prediction and fertility treatment, ultimately leading to

better reproductive health outcomes for women.

Using the maximum points of the derivatives can improve the accuracy of inferring inhibition relationships in oscillatory systems because

it captures the turning points of downstream activity, which may not align with the static levels of upstream signals. By identifying the

maximum points of the derivatives of variables in an oscillatory system, we can infer the inhibition relationship between them. For example,

Figure 6. Negative feedback loops that can oscillate have a relatively small D4

(A) Negative feedback loop for biological oscillations.

(B) Definition of the D4. D4 is defined as d1=d2, where d1 is the closest distance between the peak of curve1 and the trough of curve2 and d2 is the period length.

(C) Distribution of D4 of the 1,229 oscillating systems. The vertical coordinate indicates the proportion of the number of different D4 in all oscillations.
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in a gene regulatory network, the maximum point of the derivative of a repressor gene may correspond to the activation of its target gene.

This method can potentially provide a more accurate representation of the network’s regulatory interactions, particularly in dynamic

systems.

Limitations of the study

One limitation of the study is that we did not employ aforementioned biomarkers directly for prediction in this work due to the restricted

amount of valid data. Some individuals were unable to wear their bracelets consistently every day during the heart rate data collection, which

resulted in a significant number of missing values in the obtained data and a decrease in the amount of valid data.
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(B) In the statistical analysis of the 1,229 groups of oscillations, a significant negative correlation between D4 and IFM was observed.
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(E) Under the parameters of Figure 7C, D4 decreases as IFM increases.
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RESOURCE AVAILABILITY

Lead contact

Further information and requests may be directed to, and will be fulfilled by, the lead contact Ling Yang (lyang@suda.edu.cn).

Materials availability

This study did not generate new unique reagents.

Data and code availability

� Original dataset has been deposited on Mendeley and is publicly available as of the date of publication. Accession numbers are listed

in the key resources table.
� The code has been deposited on Mendeley and is publicly available as of the date of publication. Accession numbers are listed in the

key resources table.
� Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Menstrual cycle data

A total of 91 women with menstrual cycles participated in the study, with an average age of 24.44 (G 2.84). All participants included in this

study are individuals of East Asian descent hailing from China. Each participant wore a wristband (Huawei or Fitbit) that could detect contin-

uous heart rate for at least twomonths to record heart rate. Among them, 84 participants (average age 23.52G 2.81) recorded their menstrual

periods each month. And 28 participants (average age 24.00G 1.83) recorded the day of ovulation by using LH ovulation strips, starting from

day 8 of themenstrual cycle until positive results were obtained. The study collected a total of 80 ovulation records and 469menstrual records.

Additionally, 12 menopausal women and 15 men were recruited, with the average age of 57.08 (G 5.44) and 38.80 (G 10.82), and the same

wristbands were used to collect heart rate data for comparison with women’s data.

All participants were recruited during 2018-2020 through online advertisement. Inclusion and exclusion criteria were determined by an

online questionnaire and an in-person interview. All subjects provided informed consent. The investigation conforms with the principles out-

lined in the Declaration of Helsinki and was approved by the ethics Committee of Soochow University (ECSU-201800098).

Circadian rhythm data

The data for the analysis of activity and calcium signaling inmicewere acquired fromexperiments conducted byQ. Zhai et al.20,21 To represent

calcium signals, we utilized grayscale values of fluorescence intensity, which were normalized to a scale ranging from 0 to 100 (Figure 5B). The

offsets in mice activity were determined through visual examination of the mice actogram of wheel-running (Figure 5A), following the estab-

lished method outlined in previous studies.20,21

METHOD DETAILS

Extract daily average heart rate from minute-level heart rate during resting phase

The raw data collected by the bracelet consists of continuousminute-level heart rate (Figure S1A). Human heart rate (the number of beats per

minute) varies throughout the day, with substantial differences in heart rate amplitude between sleep and wakefulness. During the day, the

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Calcium signal Q. Zhai et al.20 [Mendeley data]: https://doi.org/10.17632/v58stpfcnm.1

Heart rates of fertile women, men and menopausal women This paper [Mendeley data]: https://doi.org/10.17632/v58stpfcnm.1

Ovulation records and menstrual records This paper [Mendeley data]: https://doi.org/10.17632/v58stpfcnm.1

Software and algorithms

Matlab Extract daily average heart rate from resting

phase in minute-level heart rate

This paper [Mendeley data]: https://doi.org/10.17632/v58stpfcnm.1

ll
OPEN ACCESS

iScience 27, 108716, January 19, 2024 11

iScience
Article

mailto:lyang@suda.edu.cn
https://doi.org/10.17632/v58stpfcnm.1
https://doi.org/10.17632/v58stpfcnm.1
https://doi.org/10.17632/v58stpfcnm.1
https://doi.org/10.17632/v58stpfcnm.1


heart rate is highly variable due to various activities such as exercise and diet; after falling asleep at night, the heart rate enters a distinctly low

and stable phase with minimal variation.

To investigate the relationship between monthly rhythm and heart rate, we extracted the average of the nightly sleep data as the daily

average heart rate to exclude the effect of different activities on heart rate (Figure S2). First, due to the unevenness of the data, a fourth-order

Butterworth low-pass filter with a normalized cutoff frequency of 1/30 was applied to smooth the heart rate at theminute level. The normalized

cutoff frequency Wn is a parameter of the function butterðn;WnÞ in the MATLAB software, defined as the cutoff frequency/(sampling fre-

quency/2), where the units of cutoff frequency and sampling frequency are the same (once a minute). And n is the order of the Butterworth

filter. For a Butterworth low-pass filter, the cutoff frequency is the highest frequency that can pass through the filter, and signals with fre-

quencies higher than the cutoff frequency are blocked by the filter. From the minute-level heart rate data for one day, a notable decrease

in heart rate can be observed at the onset of sleep, and similarly, a notable increase can be observed during the waking phase. Therefore,

the heart rate during the sleep phase is defined as the heart rate between the end point of the rapid decrease phase and the start point of the

next rapid increase phase (the part between the two arrows in Figure S2). The daily average heart rate is the average of the sleep stages over

the filtered heart rate.

Missing value processing

Heart rate data collected by the bracelet containedmissing values, possibly due to participants not wearing the device on time. To ensure the

accuracy of the daily average heart rate trend, we removed the parts of the data that were missing for more than 6 days within 30 days. Other

missing values of no more than 6 days were supplemented using linear interpolation. In addition, we excluded data with less than 45 days of

recorded data after removing missing segments, as a shorter data series could affect the accuracy of the filtered data. After processing for

missing values, the resulting heart rate data included 47 ovulation records and 297 menstrual records.

DCT analysis

To confirm the existence of the monthly rhythm in the heart rate of fertile women, we analyzed the daily average heart rate data using The

discrete cosine transform (DCT) spectral analysis.37 The DCT analysis represents a finite sequence of data points by decomposing them into a

sum of cosine functions with varying frequencies. We used DCT analysis to decompose the daily average heart rate into a series of cosine

function coefficients with different frequencies using MATLAB software, where larger coefficients indicate a higher contribution of the corre-

sponding frequency component in the input signal. For signals with periodicity, the frequency components tend to be concentrated at certain

discrete frequencies, resulting in higher DCT coefficients at certain positions during the analysis. After applying DCT analysis to the daily

average heart rate of women of reproductive age (Figure 1A), we found that the highest coefficient corresponded to a cycle length of approx-

imately 30 days (the horizontal axis was converted from frequency to cycle length), indicating that the daily average heart rate of women of

reproductive age exhibits a monthly rhythm.

To facilitate the observation of data periodicity in DCT analysis, it is essential to retain data with the longest possible duration when

handling missing values. Therefore, the data selected for DCT analysis should have a minimum length of 60 days, ensuring that there are

no more than 3 days of missing values within any 30-day interval.

Average daily heart rate smoothing

When searching for monthly rhythm features in the heart rate data, we used a Butterworth low-pass filter.38 to smooth the data and avoid the

influence of high-frequency noise (Figure S3A). To better reflect the rhythmic information in the heart rate, we chose a 6th order filter and a

normalized cutoff frequency of 0.09. With this set of filter parameters, the filtered heart rate showed a notable monthly cycle.

Calcium signal data processing

In the study of activity and calcium signal in mice, the selected calcium signals were measured under dark conditions, after two weeks of 12

h:12 h dark-light alternation.20,21 To discover the characteristics of the offset of mice activity on the calcium signal, we first smoothed the data.

The calcium signal was filtered using a 2nd order Butterworth low-pass filter with a normalized cutoff frequency of 5310� 5 by MATLAB soft-

ware. Further, we calculated the derivative curves of the filtered calcium signals, which are the velocity trajectory profiles, and averaged the

velocity trajectories of the calcium signal for fourmice. On the other hand, from the actogramofmicewheel running, we observed the average

time of the mice activity offset, which was strongly associated with the maximum value of the velocity trajectory of the calcium signal.

QUANTIFICATION AND STATISTICAL ANALYSIS

All the statistical analyses were performed using spearman correlation analysis with the software Matlab 2019b. The p < 0.1 was considered

statistically significant.
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