[bookmark: _dzq653pyaho]A DETAILED DESCRIPTION OF THE LOGNORMALIZED ISI BURST DETECTION METHOD
Our approach of burst detection in spiking activity is based on two neurophysiologically motivated assumptions. First, we assume that basal ganglia neurons do not operate in a single homogeneous firing regime, but can alternate between tonic/non-burst discharge and bursting activity. This view is supported by subthalamic nucleus (STN) recordings showing that subthalamic neurons can switch from regular single-spike firing to pure or mixed burst-firing mode depending on membrane potential and calcium-dependent mechanisms (Beurrier et al., 1999). In vivo, STN neurons likewise shift between irregular discharge during wakefulness and bursty firing during slow-wave sleep, indicating that burst and non-burst activity can represent state-dependent regimes of the same neuronal population (Urbain et al., 2002). At the circuit level, reciprocal STN-GPe interactions can generate synchronized oscillatory bursts, while preserved GP-STN slice preparations show predominantly tonic STN firing under control conditions but pharmacologically inducible bursting, suggesting that firing mode depends on both intrinsic excitability and network context (Loucif et al., 2005; Plenz & Kital, 1999). Under parkinsonian conditions, this tonic-burst flexibility becomes pathophysiologically relevant, as T-type Ca²⁺ channels are necessary for STN burst firing and their blockade suppresses bursts and improves motor deficits in dopamine-depleted rats (Tai et al., 2011). More generally, dynamical-systems models demonstrate that tonic spiking and bursting can coexist as distinct attractor states, supporting the interpretation of bursts not as outliers within a stationary spike train, but as a separable firing regime (Shilnikov et al., 2005).
Second, we assume that these firing regimes can be described through gamma-distributed interspike intervals. Theoretical study shows that neurons driven by fluctuating synaptic inputs generate interspike interval (ISI) distributions that may be approximated by gamma distributions across integrate-and-fire and Hodgkin-Huxley-like model classes (Ostojic, 2011). This framework is biologically interpretable because gamma parameters jointly capture the temporal scale and regularity of spiking, while log-scaled analyses further suggest that long in vivo spike trains may comprise multiple gamma-like modes operating at distinct timescales (Levenstein & Okun, 2023). Importantly, gamma-based descriptions have also been applied directly to human BG recordings: in parkinsonian STN neurons, ISI histograms were fitted with Gamma distributions and their associated log(k) shape factor was used to measure firing regularity (Vissani et al., 2022). Similarly, in STN recordings from Tourette syndrome patients, gamma-derived measures of firing irregularity were used to characterize tonic, irregular, and burst-like discharge patterns, supporting our treatment of BG ISI distributions as mixtures of latent gamma-distributed tonic, burst-related, and pause-related regimes (Vissani et al., 2019).
Below, we introduce Lognormalized ISI (LognormISI), a two-stage, data-driven method designed to identify burst-related regimes in BG spike trains without imposing fixed interspike-interval thresholds.
In the first stage (Fig. 1a), the spike train is converted into a normalized logarithmic representation of interspike intervals. For a spike train with interspike intervals (ISI_i), we define . This transformation maps short intervals to larger values of X, thereby placing burst-related intervals in the right tail of the distribution, while simultaneously normalizing each spike train by its own total duration. The empirical distribution of X is then modelled as a finite mixture of log-gamma components. Candidate models with different numbers of components are fitted by expectation-maximization (Dempster et al., 1977), and the optimal number of components is selected using the Bayesian information criterion (Schwarz, 1978), with additional safeguards against unstable solutions driven by very small components. Each fitted component is interpreted as a latent firing regime characterized by its weight, location, scale, and shape parameters.
After fitting the mixture, LognormISI assigns provisional neurophysiological labels to the components. If the model contains a single component, all intervals are classified as base activity. If multiple components are present, the rightmost component in X-space is treated as the candidate burst component, whereas the remaining components are treated as non-burst or base activity. However, the method does not rely on this ordering alone. To avoid spurious component labelling, the candidate burst-base separation is accepted only if the weighted probability density functions of the dominant base component and the candidate burst component have a single relevant crossing between their modes. This crossing defines a data-derived decision boundary. An interval is classified as burst only when it is assigned to the burst component and lies to the right of this boundary; otherwise, it is retained as base. If the crossing criterion is not satisfied, the split is rejected and the spike train is conservatively treated as containing no reliably separable burst component at this stage.
The second stage (Fig. 1b) is introduced to address a limitation of mixture-based burst detection: not all burst-related intervals necessarily form an independent gamma component that can be cleanly separated from the base distribution. In some neurons, especially those with skewed or broad base ISI distributions, short-interval burst events may weight down othe right tail of the base component rather than form a distinct log-gamma mode. In such cases, a single-stage mixture model may underestimate burst activity by absorbing short burst-like intervals into the base component. To recover these hidden burst-related intervals, LognormISI performs an additional analysis restricted only to the intervals classified as base in the first stage.
For this hidden-burst analysis, the first-stage base intervals are again represented in the same normalized logarithmic space. Because the analysis is now performed within a restricted region of the transformed distribution, where local deviations from the base component are expected to appear as a subset rather than full gamma-distributed regimes, the method fits a Gaussian mixture model to the base X-values. Candidate Gaussian mixtures with different numbers of components are fitted and compared using the Bayesian information criterion. If more than one component is selected, the rightmost Gaussian component is treated as a candidate hidden-burst component, reflecting the same idea that shorter intervals occupy larger values of X. As in the first stage, this assignment is validated by the existence of a single relevant crossing between the weighted densities of the nearest base component and the candidate hidden-burst component. Only intervals lying to the right of this boundary and assigned to the candidate hidden-burst component are relabelled as hidden bursts.
The final output of LognormISI (Fig. 1c) is therefore a three-state interval classification: base, directly detected burst, and hidden burst. Directly detected bursts correspond to short-ISI regimes that form a separable log-gamma component in the full ISI distribution. Hidden bursts correspond to short-interval structures embedded within the first-stage base distribution and revealed only after modelling its internal substructure. Consecutive burst or hidden-burst intervals are then merged into continuous burst episodes, allowing the method to report burst onset, burst termination, duration, number of participating spikes, and the number of burst-associated ISIs.
This two-stage structure makes LognormISI deliberately conservative at the global level but sensitive to residual burst structure within the base regime. By combining a gamma-mixture model of the full normalized ISI distribution with a secondary Gaussian-mixture decomposition of the base component, the method reflects the central neurophysiological premise of the study: basal ganglia spike trains may contain coexisting tonic, burst-related, and pause-related regimes, but these regimes are not always expressed as fully separable global components. Instead, some burst activity may be embedded within the skewed structure of the tonic distribution itself. LognormISI is designed to capture both possibilities while avoiding fixed universal thresholds and allowing burst boundaries to emerge from the statistical geometry of each individual spike train. The Python implementation of this approach can be found on GitHub at https://github.com/IskanderIV/burst_detection.
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Figure 1. Stepwise visualization of the LognormISI burst-detection procedure. Representative application of the LognormISI algorithm to an experimental STN microelectrode recording. (a) First-stage decomposition of the transformed inter-spike interval variable, , using a finite mixture of log-gamma distributions. The histogram displays the empirical distribution; dashed curves indicate individual mixture components (red: burst-related; blue: baseline-related), and the solid grey curve denotes the fitted mixture density. The vertical dotted line marks the decision boundary separating burst-related from baseline intervals. (b) Second-stage hidden-burst analysis performed within the first-stage baseline component. The histogram displays the distribution of the hidden-analysis variable derived from inter-spike intervals initially assigned to baseline activity. Dashed curves indicate Gaussian mixture components (orange: hidden-burst component; blue: baseline component), and the solid grey curve denotes the fitted mixture density. The vertical dotted line marks the corresponding hidden-burst decision boundary. (c) Final LognormISI burst-detection output projected onto the original spike train (1-second segment). Black vertical ticks indicate individual spikes; red vertical marks denote detected burst episodes; orange vertical marks denote detected hidden-burst episodes. The x-axis represents time in seconds.
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