
Population geometry reveals directed coupling and1

transient bistability in spontaneous pituitary secretion2

Ana Aquiles1,5 ∗, Aparicio Arias Juri1,2, Lafont Chrystel1,2, David J. Hodson3,3

Santiago-Andres Yorgui4, Patrice Mollard1,2 ∗, and Tatiana Fiordelisio4,∗4

1Institute of Functional Genomics, University of Montpellier, CNRS, INSERM,5

Montpellier, France.6

2BioCampus Montpellier, University of Montpellier, CNRS, INSERM, Montpellier,7

France.8

3Oxford Centre for Diabetes, Endocrinology and Metabolism (OCDEM), NIHR Oxford9

Biomedical Research Centre, Churchill Hospital, Radcli�e Department of Medicine,10

University of Oxford, Oxford, UK.11

4Laboratorio de Neuroendocrinología Comparada, Facultad de Ciencias, Universidad12

Nacional Autónoma de México, Ciudad Universitaria, Ciudad de México 04510, México.13

5Lead Contact14

∗Correspondence authors: (A.A.) ana.aquiles@igf.cnrs.fr; (P.M.) patrice.mollard@igf.cnrs.fr; (T.F.) t�orde@ciencias.unam.mx.15

Keywords: population dynamics, hormone secretion, pituitary, bistability, spontaneous secretion.16

Summary17

The pituitary gland operates as an organized signaling network in which endocrine cell populations18

coordinate hormone secretion, through homotypic and heterotypic interactions, yet the contribution of19

spontaneous intrinsic activity in shaping population-level dynamics remains poorly understood. Using20

geometric analysis of population trajectories � including subspace alignment, manifold separation,21

and directed coupling metrics � we identi�ed two classes of spontaneous oscillatory signals associ-22

ated with distinct cell populations exhibiting asymmetric geometric dominance and a reproducible23

temporal lag. Our results support that spontaneous activity generates a self-sustained oscillator24

exhibiting transient bistability, linked to increased physiological demand, with slow oscillations re-25

�ecting the properties of an excitatory resonator capable of self-oscillating dynamics without external26

drive. A low-rank recurrent neural network model recapitulated the empirical geometric landscape27

under three coupling conditions, con�rming that directed population coupling underlies the observed28

coordination. These �ndings suggest that intrinsic population dynamics play a central role in coordi-29

nating pituitary secretion, with implications for understanding hormonal dysregulation in secretory30

adenomas and other pituitary disorders.31

1 Main32

Pituitary cell communication is widely recognized as a network that is organized and an integral sum33

of the interactions involved in sending and receiving signals among its diverse cellular composition [1].34

This communication improves functional outcomes and highlights its crucial role in e�cient functioning35

and adaptation [2]. Even so, our understanding of how cell signaling patterns contribute to spontaneous36

endogenous secretion and plasticity remains limited. It is essential to investigate spontaneous activity37

and its in�uence on homotypic interactions (within the same endocrine cell group) versus heterotypic38

interactions (between di�erent endocrine cell groups). These di�erences in signaling could be the primary39

responsible for the variability in activation oscillations when responding to physiological challenges [3�40

5]. For example, in pathological conditions, non-functioning pituitary adenomas are often referred to as41

"silent" because they do not produce signi�cant levels of hormone [6]. However, there are also adenomas42

that result in hormonal overproduction [7]. The origins and causes of these functional di�erences are43

not yet fully understood. Therefore, gaining insight into the role of spontaneous signal transmission44

in triggering secretion may help clarify why some conditions remain non-secretory, while others lead to45

hormonal secretion in both health and disease.46
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Research consistently shows that pituitary endocrine cells communicate through multiple signaling47

modes [2, 5, 8�12], all of which are modulated by external stimuli � such as hypothalamic hormones or48

downstream hormonal regulation. Although spontaneous activity has received comparatively less atten-49

tion, two endocrine cell populations � lactotrophs and somatotrophs � exhibit substantial spontaneous50

activity, allowing them to secrete hormones independently of external triggers [13�15]. Understanding51

how these cell groups integrate information di�erently is essential, as this process is shaped by the archi-52

tecture of their communication networks [5, 8]. Within the homotypic lactotroph network, this structure53

underlies key physiological adaptations, including the reorganization of lactotroph signaling connectivity54

during lactation and pregnancy [5] as well as structural changes in cell density and spatial arrangement [5,55

16]. Furthermore, evidence supports the existence of heterotypic communication and coordination among56

distinct endocrine cell groups, equipping the gland to generate uni�ed responses to evolving physiologi-57

cal demands demands[17]. Yet no direct comparison exists between the population dynamics governing58

homotypic coordination and those potentially underlying heterotypic integration. This is particularly59

relevant in light of reported homotypic coordination during lactation and female reproductive plasticity60

[5], which suggests that broader heterotypic interactions may also contribute to shaping these or related61

physiological states. Beyond homotypic interactions, signal transmission may engage multiple endocrine62

cell types, shaping the systemic mechanisms through which cells spontaneously exchange signals.[3, 4,63

13]. In this study, we identi�ed two classes of spontaneous signals with distinct oscillatory dynamics �64

slow and fast � re�ecting di�erent modes of activity within the gland. Leveraging the well-characterized65

spontaneous secretion of lactotrophs [5], we then asked how their population-level coordination changes66

under conditions that recapitulate heterotypic interactions, assessing both network coordination and the67

geometrical structure of population dynamics across homotypic and heterotypic con�gurations. Our68

�ndings revealed that during spontaneous activity, a self-sustained oscillator is generated, resulting in69

momentary bistability in cell organization that is associated with an increase in physiological demand.70

This mechanism may explain how population leaders coordinate within the geometric structure of the71

cell networks. We show that slow oscillations predominate across both homotypic and heterotypic inter-72

actions, re�ecting the computational properties of an excitatory resonator that sustains self-oscillating73

dynamics. Such a system retains the �exibility to accommodate heterogeneous inputs while generating74

signaling patterns aligned with physiological demands. Our �ndings further underscore the dual role75

of excitatory and inhibitory-like activities in regulating spontaneous coordination during heterotypic in-76

tegration � dynamics that may represent the sca�old underlying the generation of pulsatile secretion.77

Together, these results deepen our understanding of spontaneous pituitary signaling and carry potential78

implications for conditions such as secretory tumors and other hormonal disorders.79

2 Results80

2.1 Spontaneous calcium signals wave features in homotypical and heterotyp-81

ical interactions82

To characterize the temporal wave signatures observed during spontaneous activity in both homotypic and83

heterotypic interactions, we reanalyzed previously acquired calcium imaging recordings from lactotrophs84

obtained under four main physiological conditions, basal hormonal stimulation, (nullipara) basal condi-85

tion,(primipara) lactation, weaning, and multipara states. Additionally, we expanded this analysis to86

evaluate the overall population activity across these conditions. These physiological states are associated87

with sustained long-term integration and cell-network coordination in response to increased physiologi-88

cal demands (Figure 1) [5, 18, 19]. Spontaneous calcium traces display variability in their waveforms,89

regardless of their physiological e�ects. However, the type of interaction in�uences these wave shapes, as90

illustrated in Figure 2A. Both types of interactions exhibit a signal coupling pattern characterized by a91

low-frequency component paired with a higher-frequency component. This observation motivates us to92

quantify the Phase-Amplitude Coupling between these two frequency ranges by calculating the modula-93

tion index, which measures the strength of the coupling. As shown in the representative example (Figure94

2A, top right panel), the lowest phase frequencies exhibit modulation across a wide range of amplitude95

frequencies in both homotypic and heterotypic spontaneous activity.96

Group-level comparison revealed a wide range of dominant amplitude frequency modulation from 0.197

to 0.6 Hz (Figure 2A, right panel, green line), suggesting a broader adaptation in modulating di�er-98

ent frequency values. In contrast, homotypic interactions show a notable increase at higher amplitude99

frequencies between 0.6 and 0.7 Hz, as indicated by the blue line. These di�erences reveal distinct mod-100

ulation pro�les for homotypic and heterotypic interactions, suggesting a preference for certain frequency101
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values. Generally, homotypic interactions display lower modulation index values across various physio-102

logical states, with heightened variability observed during lactating and weaning conditions. A similar103

trend can be seen in heterotypic interactions, though they tend to have higher overall values.104

To further analyze spectral organization, we quanti�ed the features of the aperiodic exponent and105

measured the aperiodic exponent of the logarithmic frequency spectrum (see Figure 2B). The homotypic106

spectrum demonstrates a hierarchical order that aligns with the increasing hormonal demands of the107

physiological state [5]. In contrast, heterotypic interactions do not show this trend but exhibit greater108

variance in the spectrogram decay during nulliparous conditions. These �ndings are further supported109

by a direct estimation of the aperiodic exponent across the spectrum (Figure 2C).110

Recent research on aperiodic spectral structure in other biological systems suggests that these features111

may re�ect aspects of large-scale signal organization, including changes in rhythmic activity. In some112

contexts, such patterns have been discussed in relation to excitation�inhibition balance [20�22]. Lower113

aperiodic values, indicated by a �atter decay across frequencies, may suggest increased inhibitory activity114

within the system. Conversely, higher aperiodic values, characterized by a steeper frequency decay, may115

indicate a dominance of excitatory activity. However, it is important to note that these interpretations can116

vary depending on the speci�c system being analyzed. In our results, we will use these interpretations as a117

framework to investigate whether similar excitatory-inhibitory patterns can be identi�ed in our �ndings.118

For instance, the variability observed in heterotypic interactions during nulliparous conditions indicates119

a broader range of spontaneous spectral states. In contrast, during lactation and weaning, both the120

variance and aperiodic values decrease, suggesting a more constrained spectral organization under these121

physiological conditions. This reduction may be related to signi�cant hormonal shifts associated with122

the physiological state. For example, during lactation, there is a need for coordination to compensate123

for prolactin (PRL) secretion, while during o�spring weaning, this coordination is modi�ed to halt PRL124

production and allow other hormones, such as follicle-stimulating hormone (FSH) and luteinizing hormone125

(LH), to reestablish the reproductive cycle. The values obtained during these phases are the lowest when126

compared to homotypic networks, which may more constrained pattern of signal coordination to meet127

hormonal output requirements. In the multipara condition, both networks re�ects the lowest values,128

yet heterotypic interactions demonstrate an increased variance. This increase may be related to well-129

established integration in signal transmission, facilitating the anticipation of the next fertilization event130

and the subsequent initiation of hormonal cycling.131

2.2 Signal classi�cation and its relation to functional relevance132

Recognizing the periodic and aperiodic di�erences across network interactions among di�erent hormonal133

challenges, we next explored whether spontaneous activity could be grouped into signal classes. To achieve134

this, we employed a spectral decomposition algorithm for signal analysis [23]. Where under nullipara135

conditions, spontaneous activity could be categorized into two major classes, as illustrated in Figure 3A.136

This classi�cation corresponds to the various conditions we evaluated. Notably, in most cases, the �rst137

two principal components from the spectral dimensionality reduction accounted for the majority of the138

variance in both networks, homotypic and heterotypic. This �nding highlights the low dimensionality139

inherent in the pituitary system, which we will explore further in Subsection 2.5. Biologically, this140

suggests that the system is structured and conserved, with a few key variables e�ectively explaining its141

behavior. It also indicates that signal transmission is in�uenced by a limited range of frequencies or signal142

harmonics, which ties into the �ndings presented in Figure 2. It is important to highlight that signal143

classi�cation is consistent in terms of wave shape. For example, Class 1 consists of cells that exhibit slower144

frequencies, while Class 2 primarily includes signals with higher frequencies (see Figure 3A). To explore the145

relationship between both classes and their aperiodic components, we measured the sensitivity of classes146

in relation to their aperiodic values. Our �ndings indicate that, in most instances, particularly in the147

homotypical network, the lowest aperiodic values (represented by cooler colors) were associated with cell148

signals from Class 1. Conversely, Class 2 was associated with higher aperiodic values, depicted by warmer149

colors, across various conditions and populations, as visualized through adjacency matrix arrangements150

(see Figure 3B). To validate this relationship, we employed surrogate resampling of aperiodic values151

from each population and condition to extract average values and internal variability. We observed that152

homogeneous populations consistently demonstrated a clear distinction between Class 1�characterized by153

lower mean aperiodic values�which tended to increase across the evaluated conditions in the homotypical154

population. In contrast, Class 2 showed an increase in mean aperiodic values, peaking notably in the155

weaned condition. This peak could be attributed to the necessity of halting hormone secretion, thus156

requiring greater inhibitory integration. In the case of the heterotypic population, there was no signi�cant157
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separation concerning Classes and aperiodic values, indicating reduced independence between them. This158

could be due to the in�uence of other endocrine cell groups contribute to the reshaping of network159

communication (Figure 3B, squared boxplot). Continuing our exploration of the di�erences between160

homotypic and heterotypic networks, our next question was focus on the amount of information (H) that161

both classes carry. However, the information distribution values did not indicate a preference between162

the two network types and remained relatively consistent across conditions (see Figure 3C, top panel).163

Notably, only the Class 2 (H) values during the weaned condition in the heterotypic network showed164

an ampli�cation in rank values when compared to Class 1 of the same network, as well as Class 2 of165

the homotypic network. Building on our observations regarding the aperiodic value (see Figure 3B),166

we next sought a global relationship�without class distinctions�between these values. We found that167

the correlation values in homotypic networks were close to zero, negative, and non-signi�cant, while168

the heterotypic networks exhibited a trend of increased anti-correlated values across conditions, showing169

signi�cant correlations only in the lactanting, weaned, and multipara conditions (see Figure 3C, bottom170

panel). This suggests an inverse relationship between entropy values and aperiodicity; speci�cally, as the171

H entropy increases, the aperiodicity of the signal decreases under certain conditions.172

To explore this further, we quanti�ed the proportion of cells exhibiting low, medium, and high173

aperiodic�entropy co-classi�cation values within each oscillatory class, and assessed whether Class 1174

or Class 2 showed greater sensitivity to physiological condition (Figure 3D). Di�erences in compositional175

distributions across conditions were evaluated using a multivariate permutation test applied to the joint176

[low, medium, high] percentage vector (pseudo-F statistic, nperm = 10,000, Bonferroni correction for177

pairwise comparisons).178

A signi�cant overall e�ect of condition was detected in Class 1 homotypic cells (F = 4.62, p =179

0.003), re�ecting a shift away from the relatively balanced aperiodic�entropy composition observed in the180

nullipara condition toward a progressively higher proportion of high-aperiodic cells in lactant, weaned,181

and multipara animals. A qualitatively similar pattern was observed in Class 1 heterotypic cells, where the182

high-aperiodic fraction dropped markedly outside the nullipara condition (∼36% to <8%); however, this183

trend did not reach statistical signi�cance (F = 1.38, p = 0.27), most likely due to the high inter-recording184

variability inherent to this mixed-cell population, whose composition is sensitive to the particular cellular185

ensemble sampled. No signi�cant condition e�ects were detected in Class 2 cells for either population186

(homotypic: F = 0.88, p = 0.55; heterotypic: F = 1.40, p = 0.24).187

Taken together, those indicates that the condition-driven reorganisation of aperiodic�entropy cell-state188

composition is speci�c to Class 1, and is most clearly expressed in homotypic lactotrophs. The selective189

sensitivity of Class 1 � but not Class 2 � to physiological state suggests that the two oscillatory classes190

are di�erentially coupled to the hormonal and metabolic demands of reproductive transition, with Class 1191

cells undergoing a measurable redistribution toward higher aperiodic activity as lactation is established192

and maintained.193

2.3 Signal synchronization and directionality across the time194

Prior descriptions of network coordination in the pituitary gland [5, 8, 17] have relied predominantly on195

signal synchrony assessed through linear measures such as correlation. To contextualize our approach196

within this framework, we examined pairwise correlations across signals regardless of cell type, distin-197

guishing positive (synchronous) from negative (asynchronous) values to assess whether their distributions198

di�er between homotypic and heterotypic populations. Although signi�cant correlations were observed,199

the values exhibited a roughly symmetrical distribution between positive and negative correlations across200

all evaluated conditions (Figure 4A). However, the proportion of positively versus negatively correlated201

cells di�ered markedly between the two populations. In the homotypical network, nulliparous condi-202

tions were characterized by a higher proportion of positively correlated cells and a correspondingly lower203

proportion of negatively correlated cells. As hormonal demand progressed, this pattern reversed: the204

proportion of positive correlations declined while that of negative correlations increased. In contrast,205

the heterotypical network exhibited near-equal proportions of positive and negative correlations under206

nulliparous conditions, followed by an increase in the positive correlation ratio during lactation; this ratio207

subsequently returned to near-nulliparous levels during weaning and in multiparous conditions. These208

divergent patterns suggest that the two network types encode and regulate signal communication through209

distinct mechanisms. Whereas the homotypical network displayed an inverse trend in correlation-ratio210

dynamics, converging toward near-equal proportions by the multiparous condition, the heterotypical net-211

work followed a more direct relationship with hormonal state, with the positive correlation ratio rising212

during periods of high hormonal demand and declining during weaning. Regarding the mean correlation213
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values governing homotypical interactions (see Figure 4B), there is a trend of decreasing correlation values214

associated with reduced demands. However, in the multipara condition, there is a resurgence of positive215

values, which may indicate the sustained existence of interactions following the �rst fertilization. In con-216

trast, heterotypical interactions start with low interval values during nullipara conditions, increase during217

lactation, but ultimately decline to even lower mean values than in the initial state. This di�erence may218

suggest a greater prevalence of long-term experience in homotypical networks compared to heterotypical219

ones. This is likely due to the specialization of the homotypical network [5], which does not necessitate220

greater cooperative integration of additional endocrine cell groups after multiple fertilizations.221

2.4 Dominance Directionality222

Having broadly characterized the di�erences between the two network types, we next incorporated cell223

class into our classi�cation approach to determine whether the correlation structure of the signals was224

also sensitive to class identity. After matching correlation values to their corresponding class and con-225

dition labels, we applied a random forest classi�er to assess whether these variables could be used to226

discriminate between classes. The classi�er performed poorly under most conditions, with the exception227

of the nulliparous homotypic condition (cross-validation accuracy > 0.5), where the largest separation228

between cell-class ratios was observed. Outside of this condition, cell class appeared largely unrelated229

to the connectivity inferred from the correlation metrics. Nonetheless, a consistent distinction between230

positive and negative correlation values was observed across both network types. Because correlation-231

based measures do not capture directionality, we next applied information-theoretic metrics to estimate232

directional interactions between signal classes (Figure 4D). In nearly all conditions, Class 1 was found233

to dominate signal communication; the sole exception was the nulliparous condition in heterotypic pop-234

ulations, in which no dominance between classes was observed. To further characterize this �nding, we235

examined the dependence of class dominance on the embedding time of signals from both Class 1 and236

Class 2 (Figure 5). This analysis was motivated by the view that these results capture important features237

of network-level communication. As observed, both homotypic and heterotypic populations responded238

di�erentially to aperiodic activity, while showing no comparable sensitivity to information content or239

correlation values. Heterotypic populations additionally exhibited di�erences in cell integration related240

to the aperiodic exponent and to correlation values. Despite these distinctions, both population types241

displayed similar trends in directionality. Although the use of information theory allows the system to be242

approached probabilistically, this approach is not without limitations. In particular, our analysis relies243

on probability distributions derived deterministically from cell activity, which may limit the accuracy244

with which signal behavior can be predicted. To address this issue, we employed permutation tests and245

analyzed the lag axis to assess the direction of the signal (see to the Methods 10). Despite these chal-246

lenges, analyzing how the system embeds under both homotypic and heterotypic network interactions247

allows us to preserve the geometric structure re�ecting the shared evolution and synchronization of both248

classes over time. A representative example is shown in Figure 5A, where the embedding time space of249

Class 1 and Class 2 is projected onto the �rst two dimensions, with the heterotypic network shown at250

the bottom. Class 1 and Class 2 are visibly convergent at several time points (indicated by red dots),251

not only under nulliparous conditions but also during lactation, weaning, and the multipara stages. To252

further characterize this initial observation, we quanti�ed the time points at which the two cell classes253

converged, focusing on the degree of synchronization between classes at di�erent levels. We performed254

a Procrustes analysis on the embedding space of the two cell classes to determine the minimal distance255

between their trajectories. After aligning the trajectories, we measured local geometric synchronization256

across tiled windows (window size = 20) by factorizing the matrices derived from the embedding time257

series, thereby quantifying the degree of synchrony between classes. Values approaching 1 indicate sub-258

stantial subspace overlap (strong synchrony), whereas values near 0 indicate orthogonal, uncorrelated259

dynamics. The resulting distributions of synchrony values are shown over time for each condition and260

population (Figure 5B). Notably, periods of low synchronization coincided with the emergence of dom-261

inance between trajectories, which we assessed using angular distances in the embedding space (Figure262

5C). As shown in Figure 5B, dominance was evident across all conditions and both network types, as263

re�ected by the principal angle separating the Class 1 and Class 2 trajectories; the distribution of angle264

values fell predominantly above the threshold expected under random alignment.265

To determine which class led the trajectory, we measured the height of the barrier separating the266

�rst peak associated with Class 1 from the subsequent peak associated with Class 2 (inset, Figure 5C),267

with a higher barrier indicating greater dominance. Across all homotypic conditions, Class 1 consistently268

occupied the dominant position (Figure 5C). In the heterotypic network, by contrast, dominance was more269
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variable: Class 1 was dominant under nulliparous conditions, shifted toward shared dominance between270

classes during lactation and weaning, and appeared to return to Class 1 dominance in the multiparous271

condition. This variation points to a key functional distinction between the two network types. In the272

homotypic network, prior communication history and specialized cellular organization appear to support273

a stable, consistent response across varying hormonal demands. The heterotypic network, in contrast,274

appears to favor more cooperative dynamics during lactation and weaning, phases that likely require275

substantial reorganization, suggesting that dominance is more �uidly shared and exchanged between276

classes. This capacity for �exible dominance switching points to a broader principle: stability in both277

homotypic and heterotypic systems may not be a �xed property, but rather an emergent outcome of the278

interplay between signal dynamics and network composition.279

2.5 Existence of momentaneous bistability in the spontaneous activity dy-280

namics in both homotypic and heterotypic networks281

Having observed that landscape dominance exhibited two well-de�ned points that di�ered in dominance282

between classes, we next investigated the stability of states within each class separately. The energy283

landscape for Class 1 exhibited one or more point-attractor states, although not all of these were stable.284

In contrast, the landscape for Class 2 was generally limited to one or two stable states, as illustrated in285

the middle panel of Figure 5D. These di�erences may account for the observed variation in dominance286

between populations and classes, since the presence of multiple stable points is thought to confer �ex-287

ibility and robustness to a system [24].To evaluate this possibility, we performed a multistability test288

on the stable points identi�ed in the landscape of each class (Figure 5D, bottom panel); because bista-289

bility was assessed jointly across both classes, the reported percentages of presence or absence re�ect290

the combined behavior of Class 1 and Class 2. The presence of bistable or multistable dynamics in cell291

trajectories is suggestive of substantial underlying communication dynamics. In the homotypic network,292

most landscapes remained monostable, with only a small subset of samples exhibiting bistability, con-293

sistent with the unidirectional dominance observed in Class 1. The heterotypic network, by contrast,294

exhibited bistability during both lactation and weaning, with lactation showing the highest proportion295

of multistable landscapes, while the nulliparous condition showed no evidence of bistability. This pattern296

may further re�ect the presence of cooperative, �exible dynamics within the heterotypic network. The297

relevance of bistable dynamics to the coordination of spontaneous secretory activity suggests that this298

system can dynamically switch between monostable and bistable regimes. This property is characteristic299

of non-linear biological systems that generate oscillatory behavior [24�27], and motivated our use of a300

generative model to investigate how geometric shifts can emerge from network-level coupling alone, with-301

out requiring external input. To determine whether the geometric coordination observed in the biological302

data could be recapitulated by such a minimal framework, we constructed a low-rank recurrent neural303

network (RNN) [28] composed of two coupled populations. Given the low-dimensional structure of the304

empirical trajectories (Figure 3A), each population was modeled as a leaky-integrator RNN with rank-2305

recurrent connectivity. Network sizes were chosen to preserve the cellular disproportion observed in the306

biological system, with Population A comprising 80 units and Population B comprising 50 units (Figure307

6A). The resulting synthetic time series qualitatively recapitulated the empirical data, with Population308

A dynamics resembling Class 1 activity patterns and Population B dynamics resembling those of Class309

2 (Figure 6A, insets). Three coupling conditions were simulated to systematically probe the direction-310

ality of geometric coordination (Figure 6B). In Case 1 (directed condition), coupling was unidirectional311

from Population A to Population B, re�ecting the hypothesized dominance of Population A observed in312

the biological data. In Case 2 (reversed condition), the direction of coupling was inverted, with Pop-313

ulation B driving Population A, providing a critical test of whether geometric dominance follows the314

direction of network drive. In Case 3 (null condition), no coupling was present between populations,315

serving as a baseline against which the e�ects of directed coupling could be evaluated. Applying the316

same dimensionality-reduction pipeline used for the empirical data, Population A consistently occupied317

the dominant position in geometric space across all three conditions, coordinating trajectory structure318

independent of coupling direction (Figure 6B). This result was expected, as shifts in geometric dominance319

become apparent only once the subspace angle is explicitly quanti�ed (Figure 6C), con�rming that the320

generative model preserves the core geometric properties of the biological system. Having established321

the geometric validity of the model, we next examined how tonic external input modulates the latent322

dynamics under the directed coupling condition. Three input strengths were applied to Population A to323

emulate hypothalamic hormonal stimulation. In the absence of input, Population A exhibited concentric324

oscillations around the trajectory of Population B (Figure 6D). As input strength increased, the radius325
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of these oscillations progressively decreased, with trajectories converging toward, but never reaching, a326

central attractor, a hallmark of a supercritical Hopf bifurcation [29] (Figure 6D�E). This behavior is327

mechanistically signi�cant, as it indicates that the system sustains stable limit-cycle oscillations while328

remaining sensitive to input-driven amplitude modulation, thereby enabling transitions between slow329

and fast oscillatory regimes. Consistent with this interpretation, the temporal lag between Population330

A and Population B signals increased with input strength (Figure 6E), re�ecting stronger entrainment331

of Population B by Population A under tonic stimulation. Together, these �ndings indicate that the332

intrinsic spontaneous behavior of the endocrine pituitary cell population, particularly that arising from333

heterotypic integration, supports transient bistable activity that enables transitions between slow and334

fast oscillatory regimes. Moreover, the predominance of slow oscillations, evident in both the geometric335

structure and the signal coupling, points to excitatory resonator-type dynamics within the system. This336

behavior remained consistent across conditions, including under baseline hormonal states and nulliparous337

conditions, underscoring the robustness of the system and its suitability for evaluation within a low-rank338

null model.339

3 Discussion340

The pituitary gland plays a crucial role in regulating hormone secretion. This process is fundamentally341

rooted in its ability to self-organize [1, 11, 30]. This autonomous structure enables the pituitary to main-342

tain a coordinated output of hormones without needing external signals, all while supporting endocrine343

cells that can secrete hormones spontaneously [31, 32]. However, this spontaneity might also be organized344

by the emergence of structured oscillatory dynamics of intracellular calcium concentration [Ca2+]i that345

are conserved across di�erent pituitary cell types, regardless of their identity [3, 4]. Pituitary endocrine346

cells generate spontaneous action potentials and [Ca2+]i transients driven by rhythmic Ca2+ entry [33].347

In this study we addressed how these oscillations are classi�ed, and how their coupling could establish a348

geometrical organization that governs spontaneous secretion at a system level. We combined data from349

homotypic lactotroph networks previously evaluated and published [5], with heterotypic interactions,350

allowing us to determine whether pituitary hormone secretion could be interpreted as reshaped across351

physiological states. In both network types, we evaluated spontaneous [Ca2+]i dynamics using ex-vivo352

calcium imaging and extracted both, periodic and aperiodic signal components, where clear di�erences353

emerged in phase coupling and aperiodic exponent values depending on physiological stage (Figure 2),354

motivating a data-driven classi�cation of oscillatory regimes (Figure 3). This revealed two functionally355

distinct cell classes: one characterized by slow oscillations (Class 1) and one by fast oscillations (Class356

2). We then assessed their respective roles in network communication using both linear and nonlinear357

connectivity metrics (Figures 3�4), uncovering a consistent dominance direction originating from Class 1,358

alongside physiologically dependent di�erences in inferred connectivity strength and topology (Figure 4).359

Finally, we examined synchronization geometry in both classes using phase-space embedding methods360

(Figure 5), revealing di�erential dominance behavior between networks and a transient bistability that361

seeds a self-sustaining oscillator � one that maintains stable limit-cycle dynamics while remaining sensi-362

tive to amplitude modulation by external input (Figure 6). Together �ndings suggest that bistability in363

the oscillation dynamics between slow and fast cell types may represent a fundamental principle governing364

the function of the pituitary network. This property could allows the gland to adapt its secretory output365

in response to varying physiological demands. However, it also raises questions about how this intrinsic366

computational ability is altered during pathological conditions or prolonged hormonal stress.367

3.1 Cell spontaneous classes intrinsically features368

The observation of two functionally distinct oscillatory classes that modulate spontaneous intracellular369

calcium levels [Ca2+]i is not new. Previous studies have described qualitative di�erences in oscillation370

waveforms, with particular emphasis on pseudo-plateau bursting. This pattern is characterized by sus-371

tained membrane depolarization, upon which bursts of action potentials are superimposed, resulting in372

high-amplitude [Ca2+]i transients [13, 34]. For a long time, this bursting regime was thought to be the373

primary driver of hormone secretion, as larger �uctuations in calcium levels were linked to increased ex-374

ocytotic output [13, 35]. Further ionic mechanisms have also been progressively characterized, including375

the blockade of BK channels in somatotrophs. This blockade converts bursting into continuous spiking376

and signi�cantly reduces the amplitude of [Ca2+]i oscillations [36]. Additionally, inhibiting voltage-gated377

calcium channels disrupts calcium in�ux, which is essential for sustaining both activity patterns [37].378

What our data add to this picture is not simply the re-identi�cation of these two regimes by our sig-379
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nal classi�cation, but rather a network-level account of how they interact � and why their balance.380

Speci�cally, the dominance of one class alone does not appear su�cient to explain secretory coordina-381

tion. Instead, our �ndings suggest that phase-coupled frequencies emerge within homotypic interactions382

under baseline hormonal conditions, indicating that network communication may already be functionally383

specialized even within populations of the same endocrine cell type. Nevertheless, it is important to384

acknowledge that purely homotypic interactions may represent an idealized constraint. In reality, there385

is known spatial intermixing of di�erent endocrine cell types in the anterior pituitary. In fact, the close386

proximity of various cell types is likely the biological norm rather than the exception. In this context, the387

contribution of neighboring cell types to network organization is not only plausible but expected [10, 11,388

38], and this is re�ected in our data � the range of phase-coupled frequencies in heterotypic networks is389

broader than in homotypic ones, consistent with a more integrative communication architecture that is390

better suited to coordinate across oscillatory regimes. The aperiodic component of the signal o�ers a com-391

plementary window into these interactions. Building on work linking the 1/f signal spectral exponent to392

excitation/inhibition (E/I) balance, where a �atter power spectrum decay corresponds to a more excitable393

signal state and a steeper decay to a inhibition-domination. While these interpretations remain context394

and system-dependent, they provide a useful framework for approach to network cell organization [39�41].395

Within homotypic networks, aperiodic exponent values showed a physiologically coherent pattern across396

conditions, Class 1 cells were associated with the lowest exponent values, consistent with a more excitable397

or functionally active state, while Class 2 cells exhibit the higher exponents, suggesting a relatively more398

constrained regime. Importantly, this class-speci�c aperiodic signature was corroborated by correlation399

synchrony values, which align with physiological expectations and provide independent mechanistic sup-400

port for these observations. Heterotypic networks, in contrast, display distinct features in both, periodic401

and aperiodic domains, as well as in linear connectivity estimates, with class-speci�c aperiodic signatures402

becoming less pronounced. We propose this as a signature of cooperative signal integration, suggesting403

that cell types such as thyrotrophs and gonadotrophs could also be included in the network [42, 43]. In404

this expanded context, heterotypic integration may partially dissolve the strict class boundaries observed405

in homotypic settings, reshaping the overall communication topology in a physiologically meaningful way.406

3.2 Bistability in geometrical coupling relevance407

The emergence of a self-sustaining oscillator from the transient bistability observed between Class 1 and408

Class 2 populations is not simply a dynamical curiosity, it may represent a functional architecture with409

clear physiological implications. Limit cycle oscillators exhibit self-sustained oscillations, meaning they410

intrinsically persist in the absence of external periodic cues, and perturbation displacing the system from411

the cycle are damped out as the system asymptotically returns to its orbit [26, 27, 44]. The fact that the412

pituitary network operates in this regime � rather than as a noise-driven or input-dependent oscillator413

� has important consequences: it suggest that spontaneous hormone secretion is not merely a passive414

response to upstream signals, but an intrinsically generated output whose amplitude and timing can be415

modulated by input without depending on input for its existence.416

This is precisely the logic of pituitary-adrenal ultradian rhythmicity, which until now has been pro-417

posed and explored only theoretically [45, 46]. What our phase-space Procrustes analysis adds is a418

geometric account of how this limit-cycle behavior is organized across populations. Rather than evalu-419

ating synchrony solely through pairwise signal correlations, we characterize the shape and alignment of420

the trajectories traced by each cell class traces through reconstructed attractor space. This approach421

is grounded in the neural manifold framework [47, 48], in which the joint activity of a population is422

represented as a trajectory in a high-dimensional state space, and the geometry of the same re�ects the423

activity of the underlying network. Applied to the pituitary, this framework reveals that the two oscilla-424

tory classes do not merely di�er in cell signal components, but also occupy distinct geometry roles within425

the collective dynamics of the system.426

4 Limitations427

The deep anatomical location of the pituitary gland, limits our ability to directly observe spontaneous428

population-level dynamics in vivo. In this study, we tackled this challenge by focusing on a mesoscale429

level of description. We used acute ex vivo pituitary slices, based on previously reported data [5] comple-430

mented by approaches that preserve local cellular architecture and intercellular communication pathways431

while allowing for experimental accessibility. Although this preparation provides a realistic framework432

for characterizing intra-pituitary cell dynamics, it also carries inherent limitation when interpreting our433
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heterotypic network results. Because all spontaneously active cells were imaged collectively without prior434

cell-type identi�cation or labeling, we cannot directly attribute the speci�c aperiodic or connectivity fea-435

tures of heterotypic interactions to de�ned endocrine populations such as thyrotrophs or gonadotrophs.436

Consequently, the cooperative restructuring of network communication described in the heterotypic con-437

dition was inferred from aggregate signal properties rather than from direct identi�cation cell types.438

Future research work could address this limitation by using transgenic reporter lines, where speci�c pitu-439

itary cell populations express distinct �uorescent indicators under hormone-speci�c promoters. Combined440

with multi-laser excitation calcium imaging, this approach would allow simultaneous functional imaging441

of two or more endocrine cell types within the same preparation. Such an approach would directly test442

whether the class-speci�c dynamics and dominance relationships we describe follow cell-type boundaries,443

or instead re�ect a more general organization principle independent of hormonal identity. Altogether,444

this methodology would signi�cantly strengthen the hypothesis of cooperative heterotypic communication445

proposed in this study.446

5 Conclusion447

The �ndings presented in this study enhance our understanding of how the pituitary gland organizes448

spontaneous hormone secretion at a network level. Rather than attributing basal secretory activity to449

the intrinsic properties of individual cell types in isolation, we show that the collective dynamics of two450

oscillatory cell classes�characterized by distinct intracellular calcium ([Ca2+]i) signatures, aperiodic pro-451

�les, and phase-space geometry�form a functional architecture. This architecture exhibits an emergent452

property: a self-sustaining, bistability-seeded limit cycle. Through this mechanism, the anterior pituitary453

gland may integrate complex signaling by coordinating the interactions between di�erent cell populations454

and signaling pathways, which is essential for maintaining physiological homeostasis. Our results provide455

a clear and robust dynamical mechanism supported by low-rank replicability�for this integrative capac-456

ity. The balance between slow and fast oscillatory regimes, together with the directed coupling that Class457

1 cells exert over Class 2 cells, may enables the gland to sustain stable secretory rhythms while remaining458

responsive to physiological demands. This framework undeniably o�ers a compelling new perspective459

for understanding spontaneity in secretory disorders, including the disruption of secretory processes in460

hyper-functioning adenomas.461
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10 Methods481

All procedures were conducted in accordance with the Animal Welfare guidelines of the European Com-482

munity and were approved by the relevant institutional ethics committees.483

10.1 Animals484

Wild-type C57BL/6 female mice (2 month-old-wild-type) were studied across four reproductive states:485

nullipara ( n = 4), lactanting (8�10 days post-partum; n = 4), multiparous (second lactation, 8�10 days486

post-partum; n = 4), and weaned (dams weaned at postnatal day 15; n = 4). These conditions span487

the principal neuroendocrine states associated with prolactin and growth hormone secretion, allowing488

controlled comparison of pituitary network dynamics across reproductive demand.489

10.2 Calcium Imaging Datasets490

10.2.1 Re-evaluated datasets491

A subset of analyses was performed on previously published and publicly reported calcium imaging492

datasets [5]. For lactotroph populations, four physiological conditions were included: nullipara, lactant-493

ing (8�10 days post-partum), multiparous (second or third lactation), and weaned (females weaned at494

postnatal day 21). Full methodological details for these datasets are provided in the original publication495

[5].496

10.2.2 In vitro calcium imaging497

Female mice at the reproductive stages described above were anaesthetised and decapitated. Pituitary498

glands were extracted and coronally sectioned into ∼200µm slices using a vibratome; three slices per499

animal and condition were coated with poly-L-lysine, for imaging.500

Slices were loaded with the calcium-sensitive �uorescent dye Fluo-4 AM (22 µM; Invitrogen, Eugene501

OR, USA) dissolved in dimethyl sulfoxide (DMSO; Sigma, St Louis MO, USA) with 0.02% pluronic acid502

F-127 (Sigma, St Louis MO, USA) in 1mL of oxygenated Ringer solution (in mM: NaCl 138, KCl 2.5,503

NaH2PO4 1.25, NaHCO3 3, HEPES 10, glucose 11, CaCl2 2, MgCl2 1). Dye loading was carried out for504

45min at 37C in a humidi�ed atmosphere (5% CO2 / 95% O2).505

Fluorescence imaging was performed on a �uorescence stereomicroscope (SteREO Discovery V12; Carl506

Zeiss, Oberkochen, Germany) equipped with a 20× water-immersion objective (WplanApo, 20Xw NA=1,507

Carl Zeiss), coupled to a scienti�c sCMOS camera (ORCA-Fire; Hamamatsu Photonics, Hamamatsu,508

Japan) operating at 4× pixel binning. Calcium signals were acquired at one frame per 200ms (5Hz)509

under constant perfusion with oxygenated Ringer solution at 34C for a total duration of 10min per slice.510

10.3 Time-Series Preprocessing511

Raw �uorescence time series were preprocessed in four sequential steps to yield stable, comparable signals512

across cells and animals.513

10.3.1 Baseline normalisation514

Raw �uorescence matrices were �rst transposed to the convention (cells × time). Each cell's resting515

baseline F0 was de�ned as the minimum �uorescence value observed during the �rst 4,000 time samples,516

corresponding to an epoch prior to any stimulus-evoked activity. The full trace was then divided by F0517

to produce a dimensionless ratio:518

F (t)

F0
=

F (t)

mint≤4000 F (t)
, (1)

anchoring each cell's signal to its own pre-stimulus baseline and correcting for inter-cell di�erences in519

absolute �uorescence intensity.520

11



10.3.2 Exponential drift correction521

Slow multiplicative drift in the normalised signal � a characteristic artefact of photobleaching in calcium522

imaging � was removed by estimating and subtracting a shared exponential trend. A single linear523

regression was performed on the log-transformed F/F0 values pooled across all cells, yielding a global524

slope m̂ and intercept b̂ that characterise the dominant exponential decay:525

log

[
F (t)

F0

]
≈ m̂ t+ b̂. (2)

The �tted exponential em̂ t+b̂ was then subtracted from each individual trace, producing drift-corrected526

signals with a stable baseline. Fitting a single trend to the pooled data ensures that the correction captures527

the component of variance shared across the population (i.e. global photobleaching) while preserving cell-528

speci�c dynamics.529

10.3.3 Low-pass �ltering530

Following drift correction, residual high-frequency noise was suppressed by applying a zero-phase Bessel531

low-pass �lter (order 2, normalised cuto� frequency fc = 0.3) along the time axis using forward-backward532

�ltering (scipy.signal.sosfiltfilt). The Bessel design was chosen for its maximally �at group delay,533

which preserves the temporal waveform of calcium transients without introducing phase distortion [49].534

10.4 Aperiodic Spectral Analysis535

The aperiodic (1/f -like) component of the power spectrum was characterised for each cell by �tting a536

Lorentzian model to the single-sided power spectrum and extracting the aperiodic exponent. Cross-cell537

variability in log-power space was then summarised via frequency-resolved variance and mean pro�les.538

10.4.1 Power spectrum estimation539

For each cell c, the single-sided power spectrum was obtained from the discrete Fourier transform of the540

�uorescence trace xc(t) (t = 1, . . . , Nsamples):541

Pc(f) =
∣∣F{xc}(f)

∣∣2, (3)

where F{·} denotes the real-valued FFT and f ranges over the positive Nyquist grid with resolution542

∆f = fs/Nsamples. Frequency bins at or below a threshold fmin = 0.5Hz were discarded to exclude slow543

drift and DC components, yielding the trimmed spectrum {Pc(f)}f>fmin
.544

10.4.2 Lorentzian model of the aperiodic component545

The aperiodic background of neural power spectra follows a 1/fα power law that, in log-space, is well546

described by a Lorentzian function [40]:547

logP (f) = β − log
(
k + fα

)
, (4)

where β is a log-power intercept, α > 0 is the aperiodic exponent governing the spectral slope, and k ≥ 0548

is a knee parameter that captures any low-frequency roll-o�. In the limit k → 0 and for large f , Eq. (4)549

reduces to the pure power law logP (f) ≈ β − α log f .550

10.4.3 Aperiodic exponent estimation551

The three parameters (β, α, k) were estimated for each cell by non-linear least squares minimisation of552

the residual sum of squares between the observed log-power and the Lorentzian model (Eq. (4)), using553

the Levenberg�Marquardt algorithm as implemented in scipy.optimize.curve_fit [49]. The aperiodic554

exponent was then de�ned as the absolute value of the �tted slope:555

α̂c =
∣∣α∗

c

∣∣, (5)

where α∗
c denotes the least-squares estimate for cell c. Taking the absolute value ensures that α̂c ≥ 0556

regardless of the sign convention returned by the optimiser, with larger values indicating steeper (more557

coloured) spectra.558

12



10.4.4 Cross-cell log-power variance559

To quantify frequency-resolved heterogeneity across the cell population, the power spectra were trans-560

formed to log10-space with a small regularisation constant ε = 10−10 added to prevent numerical insta-561

bility at bins with near-zero power:562

P̃c(f) = log10
(
Pc(f) + ε

)
. (6)

The cross-cell mean and variance were then computed at each frequency bin:563

P̄ (f) =
1

ncells

ncells∑
c=1

P̃c(f), σ2
P (f) =

1

ncells

ncells∑
c=1

[
P̃c(f)− P̄ (f)

]2
. (7)

Frequency bins where σ2
P (f) is large indicate spectral frequencies at which cells are most heterogeneous564

in their power, providing a data-driven criterion for identifying frequency bands of interest for subsequent565

analyses.566

10.5 Phase�Amplitude Coupling Analysis567

Phase�amplitude coupling (PAC) quanti�es the degree to which the amplitude envelope of a high-568

frequency oscillation is modulated by the phase of a lower-frequency oscillation within the same signal. We569

computed PAC using the Modulation Index (MI) of [50], applied cell-by-cell to background-subtracted,570

exponentially normalised �uorescence traces (∆F/F , ncells cells).571

10.5.1 Frequency decomposition572

For each candidate phase frequency fϕ and amplitude frequency fA, two narrow-band signals were573

obtained by applying a third-order Butterworth bandpass �lter with passbands [fϕ, fϕ + ∆fϕ] and574

[fA, fA+∆fA], respectively, where ∆fϕ = 0.01Hz and ∆fA = 0.10Hz. The instantaneous phase ϕ(t) and575

amplitude envelope A(t) were then extracted via the analytic signal obtained from the Hilbert transform:576

ϕ(t) = arg
[
H{xϕ(t)}

]
, A(t) =

∣∣H{xA(t)}
∣∣, (8)

where xϕ and xA denote the phase- and amplitude-�ltered signals, respectively, and H{·} is the Hilbert577

transform.578

10.5.2 Modulation Index579

The full phase cycle [−π, π) was partitioned into N = 18 equal bins. For each bin k the mean amplitude580

was computed as581

Āk =
1

|Ik|
∑
t∈Ik

A(t), Ik =
{
t : ϕ(t) ∈ [θk, θk+1)

}
, (9)

yielding a discrete amplitude-by-phase distribution {Āk}Nk=1. This distribution was normalised to a582

probability mass function583

pk =
Āk∑N
j=1 Āj

, (10)

and its Shannon entropy was compared to the maximum entropy of a uniform distribution to obtain the584

MI:585

MI(fϕ, fA) =
lnN −H(p)

lnN
, H(p) = −

N∑
k=1

pk ln pk. (11)

MI = 0 indicates a uniform amplitude distribution across phases (no coupling), whereas MI = 1586

indicates complete concentration of amplitude at a single phase bin. A small regularisation constant587

(ϵ = 10−12) was added inside the logarithm to avoid numerical instability.588
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10.5.3 Comodulogram589

PAC was evaluated across a two-dimensional frequency grid. The phase frequency axis spanned fϕ ∈590

[0.005, 0.045]Hz in steps of 0.005Hz; the amplitude frequency axis spanned fA ∈ [0.05, 0.75]Hz in steps591

of 0.05Hz, yielding a 9 × 15 comodulogram per cell. The population-level comodulogram was obtained592

by averaging MI values across all cells:593

MI(fϕ, fA) =
1

ncells

ncells∑
c=1

MIc(fϕ, fA). (12)

10.5.4 Marginal pro�les594

To characterise how spectral power varies across cells as a joint function of frequency and time, principal595

component analysis (PCA) was applied to the per-cell spectrograms computed as described in Section596

MIϕ(fϕ) =
1

ncells

ncells∑
c=1

[ 1

|FA|
∑
fA

MIc(fϕ, fA)
]
. (13)

The dominant amplitude-frequency pro�leMIA(fA) was computed analogously by collapsing the phase597

axis. Error bars in the corresponding �gures represent ±1 SEM across cells.598

10.6 Spectral Signal Classi�cation599

To characterise how spectral power varies across cells as a joint function of frequency f and time t,600

principal component analysis (PCA) was applied to the per-cell spectrograms computed as described601

before.602

10.6.1 Spectrogram covariance and PCA603

For each cell i, the spectrogram Si(f, t) was evaluated over F = 60 logarithmically spaced frequency604

bins spanning 0.005�1Hz and T non-overlapping time windows. The cross-cell covariance matrix was605

constructed over the joint (frequency × time) space as:606

Cij =
1

T · F

T∑
t=1

F∑
f=1

[
Si(f, t)− S̄i(f)

][
Sj(f, t)− S̄j(f)

]
, (14)

where S̄i(f) = T−1
∑T

t=1 Si(f, t) is the time-averaged spectrum of cell i at frequency f , and indices i, j607

run over all recorded cells. The maximum number of signi�cant dimensions is bounded by F = 60,608

corresponding to the number of frequency bins.609

The leading principal components � those capturing the largest fraction of total variance � were610

retained, and each cell's spectrogram was projected onto these components to obtain a low-dimensional611

spectral embedding.612

10.6.2 Unsupervised clustering613

Cells were grouped according to their spectral covariance structure by applying k-means clustering to the614

low-dimensional PCA projections, as implemented in scikit-learn [51]. The number of clusters was set615

to k = 2, with ninit = 10 independent initialisations to mitigate sensitivity to centroid initialisation; the616

solution minimising the within-cluster sum of squares was selected. The cluster bandwidth was estimated617

directly from the data prior to �tting.618

10.7 Aperiodic Signal Decomposition and Cluster-Level Analysis619

To examine the relationship between spectral cluster membership and aperiodic signal properties at single-620

cell resolution, a cell-by-cell adjacency matrix was constructed for each combination of cell population621

(heterotypic and homotypic) and physiological condition (nullipara, lactanting, weaned, and multiparous).622

Spectral class indices and per-cell aperiodic exponents were merged at the level of individual cells using623

the recording index and cell identi�er as joint keys; only cells present in both datasets were retained for624

subsequent analysis.625
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10.7.1 Cluster size balancing626

To prevent asymmetries in matrix structure driven by cluster size imbalance, clusters were downsampled627

to a common size prior to matrix construction. The minimum cluster size across all clusters within a628

given condition was determined, and any larger cluster was randomly subsampled without replacement629

to match this reference size (random seed �xed at 42 for reproducibility). A condition was included in630

the analysis only if both clusters contained at least one cell after merging.631

10.7.2 Aperiodic adjacency matrix632

For each condition, an N × N symmetric adjacency matrix A was constructed, where N is the total633

number of retained cells across both clusters. Diagonal entries encode each cell's intrinsic aperiodic634

exponent:635

Aii = α̂i, (15)

where α̂i is the aperiodic exponent of cell i estimated as described before. O�-diagonal entries represent636

a pairwise aperiodic similarity measure de�ned as the arithmetic mean of the exponents of cells i and j:637

Aij =
α̂i + α̂j

2
, i ̸= j. (16)

All matrix entries were subsequently z-score normalised across the full set of elements to centre the638

distribution and express values in units of standard deviation from the population mean:639

Ãij =
Aij − µA

σA
, (17)

where µA and σA are the mean and standard deviation computed over all entries of A. The lower640

triangular portion of Ã was visualised as a heatmap using a diverging colormap centred at zero, with641

rows and columns ordered by cluster identity to allow visual inspection of within- versus between-cluster642

aperiodic structure. Cluster boundaries were annotated along both axes.643

10.7.3 Bootstrap Estimation of Within-Cluster Aperiodic Reliability644

To assess the reliability of the mean aperiodic exponent within each spectral cluster, a non-parametric645

bootstrap procedure. For each combination of cell population, physiological condition, and cluster iden-646

tity, the observed aperiodic values {α̂c} were resampled with replacement over B = 1,000 iterations. The647

mean aperiodic exponent was computed for each bootstrap replicate b:648

ᾱ(b) =
1

n

n∑
c=1

α̂(b)
c , b = 1, . . . , B, (18)

where n is the number of cells in the cluster and α̂
(b)
c denotes the c-th draw of the b-th replicate. This649

procedure yields an empirical sampling distribution of the mean from which the 95% con�dence interval650

was derived as the interval between the 2.5th and 97.5th percentiles:651

CI95 =
[
α̂(0.025), α̂(0.975)

]
, (19)

where α̂(q) denotes the q-th quantile of the bootstrap distribution. Results were aggregated across all652

populations, conditions, and clusters; the observed mean together with its bootstrap con�dence interval653

was retained as the summary statistic for each group.654

10.8 Contingency Analysis of Aperiodic Exponent and Shannon Entropy655

To examine the joint distribution of aperiodic signal properties and spectral entropy across cluster iden-656

tities, both continuous measures were discretised and analysed via cross-tabulation at three levels of657

granularity.658
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10.8.1 Tertile discretisation659

The aperiodic exponent α̂ and the Shannon entropy H were each independently binned into population660

tertiles, partitioning the observed range into three ordered categories � Low, Medium, and High � each661

containing approximately one-third of the observations:662

x̃i =


Low xi ≤ Q33(x),

Medium Q33(x) < xi ≤ Q67(x),

High xi > Q67(x),

(20)

where Q33 and Q67 denote the 33rd and 67th sample percentiles, respectively. Tertile boundaries were663

computed independently for α̂ and H, so no assumption of a shared distribution is imposed.664

10.8.2 Cross-tabulation665

Contingency tables were constructed at three levels of aggregation: Pooled: all cell populations and666

physiological conditions combined, providing a global view of the α̂�H�cluster relationship.Population-667

level: a single cell population (e.g. homotypic or heterotypic) with all conditions pooled.Group-level:668

a single cell population within a single physiological condition (e.g. lactotrophs during lactation). At669

each level, three tables were derived: (i) the marginal cross-tabulation of α̃ against cluster identity, (ii)670

the marginal cross-tabulation of H̃ against cluster identity, and (iii) the joint cross-tabulation of (α̃, H̃)671

against cluster identity.672

10.8.3 Percentage representation673

The joint contingency table was further expressed as a percentage of the total number of cells N in the674

corresponding subset:675

P(a,h),k =
n(a,h),k

N
× 100, (21)

where n(a,h),k is the count of cells falling in tertile category (α̃ = a, H̃ = h) and belonging to cluster k,676

and N =
∑

a,h,k n(a,h),k is the total cell count in the subset. This normalisation allows direct comparison677

of cell proportions across groups of di�erent sizes and was used as the primary input for �gure generation.678

10.8.4 Comparison of compositional distributions across conditions679

To assess whether the joint aperiodic�entropy cell-state composition di�ered across physiological con-680

ditions, a multivariate permutation test was applied separately for each oscillatory class (Class 1 and681

Class 2) and each cell population (homotypic and heterotypic). For each recording r, the percentage682

values P(a,h),k were collapsed across entropy position by summing within each aperiodic tertile, yielding683

a three-component compositional vector vr = [pLow, pMedium, pHigh]r that sums to 100% per recording.684

This compositional structure � whereby the three components are mutually exclusive and exhaustive �685

precluded the use of standard univariate tests applied independently per bin, as such an approach would686

violate the sum constraint and introduce spurious correlations between test statistics.687

A pseudo-F statistic was used as the test statistic, de�ned as the ratio of between-group to within-688

group dispersion in compositional space:689

Fpseudo =

∑
c nc ∥v̄c − v̄∥2 / (C − 1)∑

c

∑
r∈c∥vr − v̄c∥2 / (N − C)

, (22)

where C is the number of conditions, nc is the number of recordings in condition c, v̄c is the centroid690

of condition c in compositional space, v̄ is the grand centroid, and N is the total number of recordings.691

The null distribution of Fpseudo was obtained by randomly permuting condition labels across recordings692

and recomputing the statistic over nperm = 10,000 iterations. The permutation p-value was de�ned as693

the proportion of permuted statistics exceeding or equal to the observed value.694

Following the omnibus test, pairwise permutation tests were conducted for all condition pairs using695

the same pseudo-F statistic restricted to the two groups under comparison. Resulting p-values were696

adjusted for multiple comparisons using the Bonferroni method (m = 6 pairs for four conditions).697
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10.9 Surrogate-Thresholded Pairwise Correlation Analysis698

To identify statistically signi�cant pairwise interactions among cells, a Fourier phase-randomisation surro-699

gate procedure was applied to de�ne a cell-pair-speci�c signi�cance threshold for the observed Spearman700

correlation matrix.701

10.9.1 Fourier surrogate generation702

For each cell i, the discrete Fourier transform of the �uorescence trace was computed and decomposed703

into its amplitude and phase spectra:704

F{xi}(k) = Ai(k) e
iϕi(k), (23)

where Ai(k) = |F{xi}(k)| and ϕi(k) = arg[F{xi}(k)]. For each of B = 1,000 surrogate resamples, the705

phase spectrum of every cell was independently replaced by phases ϕ̃i(k) drawn uniformly from [−π, π),706

while the amplitude spectrum was held �xed. Conjugate symmetry was enforced to ensure a real-valued707

inverse transform:708

ϕ̃i(N − k) = −ϕ̃i(k), ϕ̃i(N/2) = 0, (24)

where N denotes the number of time points. The surrogate signal was then obtained as709

x̃i = Re
[
F−1

{
Ai(k) e

iϕ̃i(k)
}]

. (25)

This procedure preserves the power spectrum of each individual cell while destroying inter-cell phase710

relationships, thereby generating a null distribution of pairwise correlations under the hypothesis of no711

genuine synchrony.712

10.9.2 Signi�cance threshold and matrix thresholding713

For each cell pair (i, j), the element-wise mean µij and standard deviation σij were computed across the714

B = 1,000 surrogate Spearman correlation matrices. An observed correlation ρij was deemed signi�cant715

only if it exceeded the surrogate threshold:716

|ρij | > µij + 2σij . (26)

Correlations that did not satisfy this criterion were set to zero, yielding a sparse, thresholded correla-717

tion matrix ρ̂ that retains only interactions whose magnitude is unlikely under the phase-randomisation718

null.719

10.9.3 Interaction classi�cation720

Non-zero entries of ρ̂ were partitioned into three interaction classes based on their magnitude and sign721

relative to the surrogate distribution: Strongly synchronous: ρ̂ij > µij + 2σij . Negatively asyn-722

chronous: ρ̂ij < −µij and ρ̂ij ̸= 0.Weakly asynchronous: |ρ̂ij | < µij and ρ̂ij ̸= 0.723

The proportion of positive and negative interactions among all surviving (non-zero) pairs was com-724

puted, and the distribution of values within each class was visualised as a boxplot.725

10.10 Cluster�Synchrony Association via Random Forest Classi�cation726

To assess whether spectral cluster identity is predictive of pairwise synchrony class, a supervised classi�-727

cation analysis was performed. Spectral cluster labels and synchrony labels were merged at the cell level728

using the recording index, cell identi�er, and physiological condition as joint keys; only cells present in729

both tables were retained.730

Synchrony labels were encoded numerically (synchronous = 1, asynchronous = 2). Cluster identity731

was used as the sole predictor feature and synchrony class as the target variable. A Random Forest732

classi�er (implemented in scikit-learn [51] ; random seed �xed at 42) was evaluated by strati�ed 5-fold733

cross-validation, with classi�cation accuracy as the performance metric. The mean and standard deviation734

of accuracy across folds are reported as the summary statistic. A confusion matrix was constructed to735

visualise the correspondence between cluster identity and synchrony class for each population�condition736

combination.737
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10.11 Transfer entropy along cell clusters738

This methodology section was inspired on the previous reported in Aquiles 2025 [52], but further described739

here. We computed the transfer entropy from baseline in every cluster, ie Xt = signal from cellclassn740

and Yt = signal from cellclass m; using a �nite set of lags (100, (-50,50))) L = {τ1, τ2, . . . , τk}. For each741

lag, we de�ne the lagged version of the time series:742

Xt(τ) = Xt+τ , Yt(τ) = Yt+τ

Then we calculate the Mutual Information (MI) between Xt(τ) and Yt as:743

MIxy(τ) = I(Xt(τ);Yt), MIyx(τ) = I(Yt(τ);Xt)

Where I corresponds to Shannon mutual information, and H to Shannon entropy:744

I(A;B) = H(A) +H(B)−H(A,B)

Where A and B represent the di�erent cluster sets. To compute directionality, we took the vector745

MIxy(τ) for all τ ∈ L, where we consider the best delay as the one that maximizes the mutual information:746

XY = argmaxMIxy(τ)

And we follow the same logic in a similar way for the other direction Y X.747

10.11.1 Multi-Set Directionality Computation748

The directionality analysis is extended to multiple signal sets by evaluating all pairwise interactions among749

them. Each pair of sets is analyzed independently following the same time-lagged MI and permutation-750

testing procedure, see below.751

10.11.2 Directionality Asymmetry Index752

To summarize net directional in�uence between two signal sets, the Directionality Asymmetry Index753

(DAI) is computed. Total signi�cant information transfer is summed separately for each direction, and754

the DAI is de�ned as755

DAI =
TEX→Y − TEY→X

TEX→Y + TEY→X
, (27)

where TEX→Y and TEY→X denote the total information transfer in each direction. The DAI ranges756

from −1 to 1, indicating dominant directional in�uence or balanced interactions.757

10.11.3 Permutation-Based Signi�cance Testing of Mutual Information758

To determine whether the observed mutual information (MI) at a given lag exceeded chance levels, a759

permutation null distribution was constructed independently for each lag τ . Speci�cally, N = 1,000760

surrogate time series Y
(n)
t were generated by randomly shu�ing the original Yt (and equivalently Xt for761

the reverse direction). The MI was recomputed for each surrogate, yielding a null distribution. Only762

lag values for which the observed MI exceeded the 95th percentile of the null distribution (p < 0.05,763

one-tailed) were retained for subsequent directionality analyses.764

10.12 Geometric Synchrony Analysis Between Neural Populations765

To quantify the degree to which two pituitary cell populations (PopA and PopB) share geometric structure766

in their collective dynamics, a manifold-based synchrony analysis was performed. The pipeline comprises767

�ve sequential steps: time-delay embedding, dimensionality reduction, Procrustes alignment, and two768

complementary synchrony metrics evaluated at global and local temporal scales.769
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10.12.1 Time-delay embedding770

Each cell's �uorescence trace xi(t) was embedded into a pseudo-phase-space attractor using the Takens771

time-delay construction:772

vi(t) =
[
xi(t), xi(t+ τ), . . . , xi(t+ (m− 1)τ)

]
∈ Rm, (28)

where m = 2 is the embedding dimension and τ = 1 sample is the time delay. The embedded trajectories773

of all cells within a population were concatenated horizontally, yielding a population-level state matrix774

X ∈ RT×(ncells·m), where T is the number of embedded time points.775

10.12.2 Dimensionality reduction via PCA776

Principal component analysis was applied independently to the state matrix of each population, retaining777

up to k = min(10, ncells ·m) components:778

ZA = XAWA, ZB = XBWB , (29)

where WA and WB are the matrices of leading eigenvectors of the respective sample covariance matri-779

ces. This yields low-dimensional latent trajectories ZA,ZB ∈ RT×k that capture the dominant variance780

structure of each population in its own coordinate frame.781

10.12.3 Procrustes alignment782

Because the PCA coordinate frames of PopA and PopB are independently de�ned, a direct geometric783

comparison requires a common reference frame. An optimal orthogonal rotation R was found by solving784

the orthogonal Procrustes problem:785

R∗ = arg min
R∈O(k)

∥ZA − ZBR∥F , (30)

where O(k) denotes the group of k × k orthogonal matrices and ∥ · ∥F is the Frobenius norm. The786

solution is given by R∗ = VU⊤, where UΣV⊤ is the singular value decomposition of Z⊤
BZA. The787

aligned trajectory Z∗
B = ZBR

∗ then lives in the same coordinate frame as ZA, enabling direct pointwise788

comparison.789

10.12.4 Geometric synchrony metrics790

Pointwise trajectory distance. The instantaneous divergence between the two population states was791

quanti�ed by the Euclidean distance between their aligned latent representations at each time point:792

∆(t) = ∥ZA(t)− Z∗
B(t)∥2. (31)

Time points where ∆(t) falls below its temporal mean are interpreted as epochs of high geometric793

synchrony; time points above the mean indicate divergent (asynchronous) population states.794

Global principal subspace angles. To characterise the overall geometric relationship between the795

two population subspaces, the principal angles θ1 ≤ · · · ≤ θk between the column spaces of ZA and Z∗
B796

were computed via QR decomposition followed by SVD of the cross-product of the orthonormal bases:797

cos θj = σj

(
Q⊤

AQB

)
, j = 1, . . . , k, (32)

where QA and QB are the orthonormal factors from the QR decompositions of ZA and Z∗
B , respec-798

tively, and σj(·) denotes the j-th singular value. Angles below 45° indicate shared geometric structure799

(synchrony); angles exceeding 45° indicate geometrically divergent subspaces (dominance).800
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Sliding-window subspace alignment score. To capture the temporal evolution of geometric syn-801

chrony, a sliding-window variant of the principal angle analysis was applied. At each time step t, local802

segments of half-width w = 20 samples were extracted from both trajectories, and the mean cosine of the803

local principal angles was computed:804

S(t) =
1

k

k∑
j=1

cos θj(ZA[t− w : t+ w], Z∗
B [t− w : t+ w]) , w < t < T − w. (33)

S(t) ranges from 0 (orthogonal, maximal divergence) to 1 (identical subspaces, perfect alignment).805

Values above the temporal mean of S are classi�ed as high-alignment (synchronous) epochs; values below806

the mean as low-alignment (dominant) epochs.807

10.12.5 Temporal density estimation of synchrony epochs808

To identify at which periods of the recording synchrony and dominance preferentially occur, a kernel809

density estimate (KDE) with a Gaussian kernel (bandwidth h = 0.2, Scott's rule) was �tted separately810

to the set of time indices classi�ed as high-alignment (top quartile of S(t)) and low-alignment (bottom811

quartile of S(t)). The resulting density curves provide a continuous representation of the temporal812

concentration of each synchrony regime across the recording.813

10.13 One-Dimensional Quasi-Potential Landscape and Dominance Angle814

To quantify the stability and relative dominance of two coexisting population states, the quasi-potential815

energy landscape was estimated from the empirical signal distribution of each cell group and physiological816

condition. This analysis operates on a one-dimensional projection of the population signal � comple-817

menting the two-dimensional latent-space landscape described before � and provides an explicit scalar818

measure of bistability and directional dominance.819

10.13.1 Quasi-potential estimation820

For each scalar signal distribution {xi}Ni=1, the probability density P (x) was estimated by a Gaussian821

kernel density estimator (KDE):822

P̂ (x) =
1

Nh

N∑
i=1

K

(
x− xi

h

)
, h = 0.9 σ̂ N−1/5, (34)

where K is the standard Gaussian kernel and σ̂ is the sample standard deviation. The quasi-potential823

was then de�ned as the negative log-density, regularised to avoid numerical instability at grid points with824

near-zero probability:825

U(x) = − log
[
P̂ (x) + ε

]
, ε = 10−10, (35)

evaluated on a uniform grid of 500 points spanning the observed signal range. The landscape was shifted826

so that its global minimum equals zero: U ← U − min(U). Minima of U correspond to preferred827

(high-probability) population states; the value of U at each minimum is proportional to the negative828

log-probability of that state.829

10.13.2 Well and barrier identi�cation830

Local minima and maxima of U were identi�ed using a neighbourhood-based extremum detector with831

order parameter q = 15 grid points (scipy.signal.argrelmin and argrelmax). A bistable landscape832

was de�ned as one containing at least two local minima separated by at least one local maximum. When833

multiple minima were present, the two deepest (lowest U) were retained as the primary wells; the highest834

local maximum strictly between these two wells was taken as the energy barrier.835

Denoting the left and right wells as A and B:

∆UA→B = Ubar − UA, (36)

∆UB→A = Ubar − UB , (37)

where Ubar is the barrier height. The mean escape time from well P is proportional to e∆UP→P ′ , so a836

larger barrier corresponds to a longer-lived (more stable) state.837
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10.13.3 Dominance angle838

The relative stability of the two wells was summarised by the dominance angle θ, de�ned as the signed839

inclination of the line connecting well A to well B in the (x, U) plane:840

θ = arctan

(
∆U

∆x

)
, ∆U = UB − UA, ∆x = xB − xA > 0. (38)

Because well A is always to the left of well B by construction (∆x > 0), the sign of θ is determined841

entirely by ∆U :842

� θ > 0: well B is higher than well A; population A occupies the deeper well and is the dominant843

state.844

� θ < 0: well A is higher than well B; population B dominates.845

� θ ≈ 0: symmetric landscape; neither population is strongly preferred.846

The dominant population is formally de�ned as the one occupying the well with the lower U value847

(higher probability density). The magnitude |θ| quanti�es the degree of asymmetry: larger angles corre-848

spond to stronger dominance and greater stability of the preferred state.849

The dominance angle analysis was applied to three signal distributions per recording: the pooled850

signal across both populations, and the signals of each group separately. Results were aggregated across851

all physiological conditions (nullipara, lactanting, weaned, multiparous) and all recordings, yielding a852

condition-level summary table of θ, ∆U , and the dominant population for each group.853

10.14 Bistability Analysis: Mixture Model Selection and State Dwell Times854

To characterise the degree of bistability in pituitary endocrine cell populations, the empirical distribution855

of �uorescence signals was analysed using Gaussian Mixture Model (GMM) selection and per-cell dwell-856

time statistics. All analyses were applied per recording (sample) and condition, with results aggregated857

across samples for reporting.858

10.14.1 Signal pooling and quasi-potential estimation859

For each recording, �uorescence traces were �attened across cells and time to yield three one-dimensional860

signal distributions: (i) all cells pooled (Xall), (ii) Class 1 cells only (X1), and (iii) Class 2 cells only (X2).861

The quasi-potential landscape of each distribution was estimated as described in Section ??, Eq. (35),862

using a Gaussian KDE with Silverman's bandwidth on a uniform grid of 500 points spanning the observed863

signal range. For multi-sample conditions, individual-sample landscapes were interpolated onto a common864

grid and averaged to obtain a condition-level mean landscape with pointwise standard deviation shown865

as a shaded band.866

10.14.2 Gaussian Mixture Model selection867

To test whether the pooled signal distribution Xall was consistent with a bimodal (bistable) regime,868

Gaussian Mixture Models with n ∈ {1, 2, 3} components were �tted by Expectation�Maximisation. Each869

model was initialised ninit = 10 times with random starting parameters (random seed �xed at 42) and870

the initialisation yielding the highest log-likelihood was retained. Model complexity was penalised using871

the Bayesian Information Criterion:872

BIC(n) = kn lnN − 2 ℓ̂n, (39)

where kn is the number of free parameters for the n-component model, N is the total number of obser-873

vations, and ℓ̂n is the maximised log-likelihood. The model minimising Eq. (39) was selected as the best874

�t; a best-�t component count of n∗ = 2 was taken as evidence of bistability in the signal distribution.875
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10.14.3 State dwell-time analysis876

To characterise the temporal persistence of each oscillatory class (state), per-cell dwell times were ex-877

tracted from the group-identity label sequence. Each cell was assigned a binary state label at every time878

point: state 0 for Class 1 cells and state 1 for Class 2 cells. Run-length encoding was applied to the label879

sequence of each cell to obtain a list of consecutive residence durations in each state. Dwell times were880

pooled across all cells and recordings within a condition for reporting.881

The distribution of dwell times τ in each state was characterised by its mean, median, and maximum,882

and was compared against an exponential null model. An exponential distribution with rate parameter883

λ was �tted to the pooled dwell times by maximum likelihood estimation with location �xed at zero:884

f(τ ; λ) = λ e−λτ , τ ≥ 0. (40)

Exponentially distributed dwell times are consistent with thermally activated escape from a metastable885

potential well. Deviations from exponential behaviour � in particular heavy-tailed or multi-modal dwell-886

time distributions � would indicate more complex transition dynamics. Dwell-time histograms were887

plotted on a log-density scale to facilitate visual discrimination of exponential from non-exponential tails.888

10.15 Low-Rank Recurrent Neural Network Model889

To validate the geometric synchrony pipeline and provide a mechanistic interpretation of directed coupling890

between pituitary cell populations, a rank-2 recurrent neural network (RNN) was simulated under three891

coupling conditions: directed coupling from population A to B (gAB > 0, gBA = 0), null coupling892

(gAB = gBA = 0), and reversed coupling from B to A (gAB = 0, gBA > 0).893

10.15.1 Network architecture and dynamics894

Each population P ∈ {A,B} consists of NP leaky-integrator units governed by:895

τ
dxP

dt
= −xP +WP rP + gP ′P CP ′P rP ′ + ηP (t), (41)

where xP ∈ RNP is the state vector, rP = tanh(xP ) is the �ring-rate output, WP ∈ RNP×NP is the896

within-population recurrent weight matrix, CP ′P ∈ RNP×NP ′ is the rank-1 cross-population coupling897

matrix, gP ′P is the coupling gain, and ηP (t) ∼ N (0, σ2∆t I) is additive Gaussian noise. Equation (41)898

was integrated with the Euler method using time step ∆t = 0.5 and membrane time constant τ = 5.0,899

giving an e�ective per-step update factor ∆t/τ = 0.1.900

10.15.2 Low-rank connectivity901

The recurrent weight matrix of each population was constructed as a rank-r outer product:902

WP =
1√
NP

UPVP , UP ∈ RNP×r, VP ∈ Rr×NP , (42)

with r = 2. The matrix was then rescaled so that its dominant eigenvalue equals the target spectral903

radius ρ = 1.15, placing the network in the oscillatory (weakly chaotic) regime:904

WP ←WP ·
ρ

maxi |λi(WP )|
. (43)

The cross-population coupling matrices were drawn as rank-1 random matrices, CAB = ξζ⊤/NA with905

ξ ∈ RNB , ζ ∈ RNA independently sampled from N (0, 1). Both populations used a shared random seed906

for U, V, and C, ensuring comparable geometric structure across conditions while the coupling gains907

gAB and gBA alone broke the symmetry.908

10.15.3 Simulation parameters909

Populations contained NA = 50 and NB = 80 units. Each simulation ran for T = 1,200 time steps910

following random initialisation (xP (0) ∼ N (0, 0.09 I)). Coupling gains were set to g = 3.0 for the active911

direction and g = 0 for the suppressed direction. Noise amplitude was σ = 0.015. All random seeds were912

�xed for reproducibility (weight seed = 8, initial condition seed = 108).913
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10.16 Geometric Synchrony Pipeline Applied to the RNN914

The geometric synchrony pipeline described in precedent Section, was applied to the RNN trajectories915

with the following adaptations.916

10.16.1 Strict separation of lag estimation and geometric alignment917

A key methodological constraint is that Procrustes alignment and cross-correlation lag estimation must918

not be chained. Applying Procrustes before cross-correlation erases the temporal lag by rotating PopB to919

maximally overlap PopA simultaneously across all time points, arti�cially in�ating apparent synchrony.920

Therefore:921

1. Temporal lag was estimated on sign-aligned raw PCA trajectories (ZA, sign(ZB)) via cross-922

correlation of the �rst three principal components, searching over both PCA sign polarities to923

resolve the sign ambiguity inherent to PCA. The peak lag across components and polarities was924

retained.925

2. Geometric metrics (pointwise distance, subspace angles, sliding-window alignment) were com-926

puted after Procrustes alignment of ZB onto ZA, as described in Section ??.927

The lag convention adopted is: a negative lag (cross-correlation peak at τ < 0) indicates that A leads928

B (B is a delayed copy of A), while a positive lag indicates that B leads A.929

10.16.2 Validation criteria930

A condition was considered correctly recovered if the peak lag satis�ed: directed (gAB = 3): τ < −3 (A931

leads); null: |τ | ≤ 15 (no systematic lead); reversed (gBA = 3): τ > 3 (B leads).932

10.17 Quasi-Potential Energy Landscape933

To characterise the geometry of the population attractor and its evolution over time, a quasi-potential934

energy landscape was estimated from the latent trajectories. The landscape U was de�ned as the negative935

log-probability density of the population state in the �rst two latent dimensions:936

U(x1, x2) = − logP (x1, x2), (44)

where P was estimated by a Gaussian kernel density estimator (KDE) with bandwidth parameter h = 0.35937

(Scott's method):938

P̂ (x1, x2) =
1

T

T∑
t=1

Kh(x1 − zt,1, x2 − zt,2) , (45)

evaluated on an 80 × 80 grid spanning the observed latent range with 0.5-unit margins on each side.939

The estimated landscape was smoothed with a Gaussian �lter (σ = 2.0 grid units) and shifted so that its940

minimum equals zero. Minima of U correspond to preferred (high-probability) population states; maxima941

correspond to energy barriers separating distinct attractor basins.942

10.17.1 Temporal landscape analysis943

To capture the time-varying geometry of the shared attractor, the landscape was re-estimated within944

sliding windows of half-width wℓ = 30 samples, pooling the trajectories of both populations within each945

window. Two rolling metrics were derived:946

1. Well depth: Umax − Umin within the window, quantifying attractor strength; deeper wells corre-947

spond to more con�ned, structured population dynamics.948

2. Centroid separation: Euclidean distance between the time-windowed mean positions of PopA949

and PopB in latent space, serving as a proxy for geometric dominance (larger separation indicates950

that the two populations occupy distinct regions of the attractor).951

Snapshot landscapes were also constructed for four equal temporal windows (each of duration T/4) and952

visualised as both three-dimensional surfaces (U versus latent dimensions 1 and 2) and two-dimensional953

contour maps with time-gradient coloured trajectories.954
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11 Figures955
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Graphical Abstract. Structural and functional distinctions between homotypic and heterotypic interactions
have been widely described in the pituitary endocrine system. However, whether functional di�erences in intrinsic
calcium time-series dynamics are relevant to pulsatile hormone secretion remains unexplored. Here, we classify the
spontaneous activity underlying both homotypic and heterotypic interactions and characterise their synchrony.
We �nd that heterotypic interactions exhibit transient bistability, consistent with a Hopf-type oscillator regime,
in which slow oscillations drive secretory output according to physiological demand.

Figure 1: Hypothesized prolactin (PRL) hormonal demand across reproductive states in rodents,
under which the physiological interpretation of our result were based. Based on prior research on
prolactin secretion dynamics in rodents, we hypothesize that PRL demand follows the trend depicted in the
diagram: baseline levels correspond to Nullipara animals [53]; a peak occurs in primiparous dams (�rst lactation)
driven by the suckling-induced neuroendocrine re�ex [5, 54, 55]; PRL demand then declines during weaned stage
[53, 57] and due to subsequence pregnacies (multiparous) a higher PRL demand is produced, consequence of a
reproductive-experience-induced adaptation of central PRL feedback sensitivity [5, 56].
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Figure 2: Periodic and aperiodic descriptors of spontaneous oscillatory activity across physiological
conditions. (A) Spontaneous activity recorded from three distinct cell populations under control (Nullipara)
conditions. Blue-green traces correspond to lactotrophs; green traces represent the full mixed population (see
diagram, left panel). The right panel shows a representative phase�amplitude coupling (PAC) comodulogram
in the Nullipara condition; the colour scale indicates the Modulation Index (MI) normalised within each cell
population. Lower sub-panels show the dominant amplitude frequencies (left) and the MI compared across
conditions and populations (right; group-level comparison using Kruskal�Wallis for Lactotrophs (H = 5.9, p =
0.12, n.s.) and pairwise Mann�Whitney U with Bonferroni correction for Heterotypic recordings; Heterotypic MI
was signi�cantly higher in Lactant than in Multipara (p = 0.003, ∗∗), with no other signi�cant pairwise di�erences
detected; within the Lactant condition, Heterotypic MI was signi�cantly greater than Lactotroph MI (p < 0.05, ∗))
(B) Mean log-power spectrum for each population (dark line ± shaded variance), shown separately for homotypic
(lactotroph) and heterotypic populations across all conditions. (C) Distribution of aperiodic exponent values
across conditions and populations (Kruskal-Wallis + Dunn post-hoc with Bonferroni correction; ∗ = p < 0.05,
∗∗ = p < 0.01, ∗ ∗ ∗ = p < 0.001).
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Figure 3: Sensitivity of the aperiodic exponent to spectral signal classi�cation and entropy. (A) Left:
spectral decomposition-based classi�cation of spontaneous calcium time-series. Inset panels show representative
examples of two signal classes: Class 1 (violet) and Class 2 (aqua). The scatter plot projects cell classes onto
the �rst two principal dimensions (shown for multiparous lactotrophs). Top-right: cumulative variance explained
across the �ve principal dimensions, for each cell population and condition (colour code as in Figure 1). (B) Group
comparison of aperiodic slope as a function of signal class. The triangular matrix indicates the proportion of cells
in Class 1 (upper triangle) or Class 2 (lower triangle), with the colourmap encoding the z-scored aperiodic
exponent. Square panels display the mean aperiodic exponent ± 95% con�dence intervals per class (colours as
in panel A). (C) Group-level entropy (H) values across populations and conditions. Distributions are shown
separately for Class 1 (top) and Class 2 (bottom), shaded in their respective class colours. Square panels show
signi�cant Spearman correlations (∗∗∗p < 0.05) between entropy and the aperiodic exponent, per population
and condition. (D) Percentage of cells with low, medium, and high aperiodic�entropy co-classi�cation values,
strati�ed by oscillatory class (Class 1, right; Class 2, left) and population. Stacked bar charts show mean
percentages across recordings (n = 4 per condition, individual values overlaid as points), with blue, gray, and red
bars denoting low, medium, and high aperiodic�entropy bins, respectively, for homotypic (top) and heterotypic
(bottom) populations across physiological conditions. Signi�cant e�ect in Class 1 homotypic cells (F = 4.62,
p = 0.003), with no individual pairwise comparison surviving correction. No signi�cant e�ects were found in
Class 1 heterotypic (F = 1.38, p = 0.27), Class 2 homotypic (F = 0.88, p = 0.55), or Class 2 heterotypic cells
(F = 1.40, p = 0.24).
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Figure 4: Synchronous and asynchronous dynamics, their relationship with signal classes, and
directional information dominance. (A) Distribution of pairwise Spearman correlation coe�cients across cell
populations and conditions. The middle panel shows a representative adjacency matrix for the Nullipara condition,
with distinct population clusters; positive correlations are shown in red, negative in blue. The right panel
compares the proportion of cells displaying positive (synchronous) versus negative (asynchronous) correlations
across conditions. (B)Mean Spearman correlation coe�cient (ρ) across recordings and conditions. (C) Confusion
matrices from random-forest classi�cation, illustrating the relationship between signal class membership and
correlation coe�cient values. Entries and colour scale represent the percentage of true-positive cells. The left
panel shows mean cross-validation accuracy, ordered as in the confusion matrices. (D) Direction Asymmetry
Index (DAI) strati�ed by signal class, condition, and network type. DAI < 0 indicates Class 2 dominance;
DAI = 0 indicates no dominance; DAI > 0 indicates Class 1 dominance. Individual sample values are shown as
dots; the mean DAI per condition and population is indicated by a diamond symbol.
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Figure 5: Geometric landscape structure of synchronous dynamical states. (A) Class synchrony in
embedding time. Trajectories of two representative signal classes are shown for homotypic networks (top) and
heterotypic networks (bottom). Grey shading marks the shared state-space regions visited by both trajectories,
illustrating their subsequent divergence in representative examples from the Lactant, Weaned, and Multiparous
conditions. (B) Temporal alignment relative to class trajectories. Green: probability density of trajectory
points indicating high inter-class synchronisation. Orange: trajectory points exhibiting low synchronisation,
associated with dominant-population activity. (C) Instantaneous dominance angles between Classes 1 and 2
across conditions and network types. Boxplots display principal angle values for signi�cant dimensions, colour-
coded by condition, for homotypic (top) and heterotypic (bottom) networks. The dashed line marks the chance
angle of 45◦. The middle panel shows the spontaneous-activity quasi-potential landscape of a Nullipara heterotypic
network, highlighting both �xed-point wells (Class 1 and Class 2) and the energy barrier separating them. Right
boxplots depict barrier height between the Class 1 and Class 2 wells (arbitrary units). (D) Three-dimensional
landscape representations for Class 1 (blue) and Class 2 (red), from a representative Weaned heterotypic network.
Bottom: top-down views of Class 1 and two Class 2 examples illustrating a single stable �xed point. The bar
chart shows the percentage of homotypic and heterotypic networks exhibiting bistability (more than one stable
point) versus unimodality (single stable point), as determined by a Gaussian mixture test for multimodality.
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Figure 6: Low-rank dynamic geometric shift: generative null model. (A)Model architecture comprising
two coupled rank-2 recurrent neural networks (WA and WB) with asymmetric coupling strengths (A → B = 3.0,
B → A = 3.0; null symmetric coupling = 0.0). Top: schematic of the coupling between population A (50 units)
and population B (80 units). Bottom: construction of the weight matrix from the rank-1 vectors m and n. Left
inset: three representative synthetic time series generated by the null model; the pink segment indicates epochs
in which population A leads, and the blue segment indicates epochs in which population B leads. (B) Quasi-
potential geometric landscapes for the three coupling cases. Case 1: directed connection A → B (star marks
trajectory onset, cross marks end). Case 2: reversed direction B → A. Null case: symmetric coupling. The
shaded bottom panel shows the quasi-potential landscape with the dominance angle of population A for Case 1.
(C) Bootstrap instantaneous dominance angles from population A to population B. Angle > 0: population A
dominates; angle < 0: population B dominates. Signi�cance brackets indicate FDR-corrected Kruskal�Wallis
tests per population (ns: non-signi�cant; ∗∗∗p < 0.05). (D) E�ect of tonic input (I) to population A on its
latent representation within the population B latent space. Blue square: no input (autonomous oscillation);
yellow: I = 0.6; red: I = 1.2. Magenta phase-portrait vectors correspond to population B; blue vectors to
population A. Arrow direction and colour encode oscillation direction and input strength, respectively. (E) Two-
dimensional phase portrait for Case 1, with and without tonic input. Background colourmap: energy landscape
(magenta = high energy, yellow = low energy). Red trajectories: population B; blue trajectories: population A.
White arrows indicate oscillation direction for I = 0.3 and I = 0. Right inset: representative time series projected
onto the �rst principal component over 600 ms, illustrating how population A acts as a leader, increasing the
temporal lag (∆t) between the two populations when I = 0.6 (top example).
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