A novel method for modeling tonic and phasic Researn Group o Cognitve Newrosdonce
Institute for Psychology

| | . . . .
pupil dynamics . e e Unverey ororwy

From overlapping responses to distinct components: deconvolution of pupillometric signals

Generating model

Introduction
_ The pupillometric signal is modeled as:
Changes in pupil diameter provide a window into the activity
_ t) = b(t o(t — e. t
of the locus coeruleus-norepinephrine (LC-NE) system, _ i) \\/ 5(8) = (1) + Z:BM( i) +e(t)
Wht',Ch_ pliys a1key EIE 0 eegnits Emel [DsEreE] / where b(t) is the tonic baseline, 3, are scaling coefficients, ¢ is
plmZEIE 1] the canonical pupil response function (PRF), and e, are event
The LC operates in two functionally distinct modes: onsets.
* Tonic mode: sustained baseline activity linked to arousal
and exploration 1.0 1
* Phasic mode: transient event-related bursts supporting R
focused task engagement o
Traditional w-indow-.averagi.ng approaches are limited: they ol L L) b phasic() 4 & %0-6 1
require long inter-stimulus intervals, lose continuous 25520 2
temporal information, and constrain experimental design [2]. s
We propose a novel deconvolution algorithm that .
separates the continuous pupil signal into tonic and phasic : : e o 0.0 . . . . .
components, enabling analysis of fast-paced paradigms. ° >0 e since event s, 2000 2500
Fig. 1. Signal model: tonic baseline b(t) (top), phasic event-related responses Fig. 2. Canonical PRF (1) = 77~/ with inter-individual variability (gray).
> B;(t — e;) with individual PRFs (middle), and combined simulated pupillometric
signal s(t) (bottom).
Algorithm Algorlthm 1: Estimating the tonic component Algorithm 2: Estimating the phasic component

Require: preprocessed data s(t)
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Tonic estimation: Signal troughs are detected and their
topographic prominence quantified. A smooth B-spline curve is
fitted below the signal using Bayesian optimization with an
asymmetric Laplace distribution [3].

Phasic estimation: The PRF o(7) = 777/ Tux [4] is fitted to

the residual signal using non-negative least squares (NNLS).
Parameters n and 7. are individually optimized.

Require: tonic estimate b(t)
Require: event onsets e, for ¢ = {1, ..., E'}
r(t) < s(t) — b(t)
My Toax < 10.34,917
while not converged do
B, = NNLS(r(£), 9 (t — €437, T))
update n, 7, ., using Nelder-Mead
end
O: return 3, for : = {1,..., K} and n, 7

V' < detect_troughs(s)

p, < calculate_prominence(s, V)

k < calculate_kappa(p,)

A, < calculate_lambda(p,, A i, Amax)
10 Q,, optlmlze posterior(s, V,p,, A, K)

11: b(t) «" a,B,t)
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12: upsample b(t) to original sampling rate

ba(t) - : : :
| | | _ Iterative procedure: tonic — phasic — re-estimate
: ; 13: b(t) < b(t)o, + p. ative .
14 ret " tonic — final phasic.
Fig. 3. Baseline estimation. Green: signal s(t); orange: b,(t); purple: b, (¢) through . return ( )
high-prominence troughs p,,.
Results — Simulations Results — Real Data
* Novel algorithm outperforms traditional window-averaging :
across all IS| conditions A § B AE BV C
» Maintains r ~ 0.7 with ground truth even at 700ms |S| Tonic TR |
« Less sensitive to unmodeled (internal) responses i — BV i . |
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* Tonic component robust to PRF parameter misspecification; . ;
phasic component benefits from free parameter estimation Phasic — P Algorithm
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* rovel Fig. 6. (A) Mind-wandering regression coefficients. (B) Quadratic tonic effects on performance. (C) Linear phasic effects.
” o o Teime o o o Applied to data from 100 participants D e
i - ' _ i Novel > Traditional
Fig. 4. Correlation between estimated and ground-truth tonic (left) and phasic performlng a fast pgced fmger tapping P S ot W T l
(right) components across ISI conditions. Red: novel; blue: traditional. Opacity: task (750 ms ISI) with concurrent fMRI
proportion of unmodeled events. and experience sampling [5]: - K
: : )
» Narrower HDIs for mind-wandering m f z
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novel phasic estimates show focused L 0
_ | o | | cerebellar and superior frontal activation
Fig. 5. Robustness to PRF misspecification. (A) Fixed parameters: tonic robust, Fig. 7. (D) fMRI maps: tonic (green) vs. phasic (magenta). (E) Novel vs. traditional phasic estimates in fMRI.
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(B) Free estimation recovers performance.

Conclusion [m] i [m]
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P P g . Open-source Python package for pupillometric data analysis [6]. RPN AVT O] SN
methods accumulate overlapping responses | | | TR TR A
- Better alignment with LC-NE adaptive gain https://github.com/ihrke/pypillometry IR
theory Development Version 2 (alpha) supports eyetracking and multimodal data E
* New opportunities for validating theories about
neuromodulation (Scan for PDF of this poster!)
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