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Quantitative expression of the total driving signal C(t) and weight tables

1.1 Quantitative definition

C(t) = ω_IL2·[IL2] + Σ ω_pos·[pos] − Σ ω_neg·[neg]

[IL2], [pos], [neg] are the local tissue concentrations of IL‑2, positive modulators (IL‑6, IFN‑γ, IL‑1β, TNF‑α) and negative modulators (IL‑10, TGF‑β, IL‑4, IL‑27), respectively (theoretical unit: pM).

ω are time‑varying weights (theoretical examples, require experimental calibration).

1.2 Example weights (theoretical values)

	Immune phase
	ω_IL2
	ω_pos (IL‑6 as example)
	ω_neg (IL‑10 as example)

	Effector
	1.0
	0.8
	0.2

	Contraction
	0.6
	0.3
	0.9

	Tolerance
	0.3
	0.1
	1.0


⚠️ The above weights are schematic; they may vary significantly among different tissues and pathogen infections. Calibration requires multi‑clone co‑culture experiments or spatial transcriptomic data.

Kuramoto model derivation, parameters, and sensitivity analysis (with code)

2.1 Biological basis and positioning

Different T‑cell clones couple weakly through a shared IL‑2 pool, and the phenomenon of response peak alignment can be heuristically described using the Kuramoto model. The rate of change of the phase θ_i of a single clone is determined by its intrinsic frequency ω_i (related to antigen affinity) and a coupling term. Global coupling strength:

K = α·C(t) − β·S

where C(t) is the total driving signal and S is the tolerance stability index (Treg/Tpex).
⚠️ Important positioning: This model is used only as a qualitative descriptive tool and cannot be directly applied for quantitative prediction without calibration. There are fundamental differences between immune cell populations and physical oscillator systems (nonlinear proliferation, delayed feedback, spatial heterogeneity). Full quantification requires specialised adaptations for the immune system.

2.2 Parameters and sensitivity analysis (theoretical examples)

	Parameter
	Theoretical value
	Description

	α
	0.5
	Weight of the driving signal

	β
	0.3
	Damping coefficient of S

	K_c
	0.8
	Critical coupling strength for synchrony


Sensitivity analysis: When α and β fluctuate within ±50% (α∈[0.25,0.75], β∈[0.15,0.45]), the qualitative conclusion of a synchronisation transition remains unchanged; K_c shifts by <15%.

2.3 Python simulation code (basic version)

python
# S_dynamics_simulation.py
# Theoretical example: S‑value dynamics under different danger signal levels
# Author: Zhang Yuanshan
# Date: 2026
# Description: Simulates S-value dynamics based on MICU ODE model.
# Fixed random seed for reproducibility.
import numpy as np
from scipy.integrate import solve_ivp
import matplotlib.pyplot as plt

np.random.seed(42)  # ensure reproducibility

# Parameters with biological interpretation:
# r: Treg proliferation rate (theoretical)
# K: carrying capacity for Treg (theoretical)
# gamma: modulation coefficient of danger signal on S
# S_star: tissue‑dependent threshold
# lam: feedback strength from z variable
# eta: activation rate of z by danger signal
# delta: decay rate of z
# D_thr: danger signal threshold for z activation
params = {
    'r': 0.05, 'K': 3.0, 'gamma': 0.3, 'S_star': 0.8,
    'lam': 0.2, 'eta': 0.15, 'delta': 0.03, 'D_thr': 0.7
}

def micu_ode(t, y, params, D):
    """ODEs for S and z variables.
    dSdt: Treg proliferation, danger-driven decline, feedback from z.
    dzdt: danger-driven activation and decay.
    """
    S, z = y
    D_plus = max(D - params['D_thr'], 0.0)
    dSdt = (params['r'] * S * (1 - S/params['K'])
            - params['gamma'] * D * (S - params['S_star'])
            + params['lam'] * z * (params['S_star'] - S))
    dzdt = params['eta'] * D_plus * (1 - z) - params['delta'] * z
    return [dSdt, dzdt]

def simulate(params, D, t_max=200, init_S=2.5, init_z=0.05):
    sol = solve_ivp(lambda t, y: micu_ode(t, y, params, D),
                    (0, t_max), [init_S, init_z],
                    t_eval=np.linspace(0, t_max, 1000),
                    method='RK45', rtol=1e-6)
    return sol.t, sol.y[0], sol.y[1]

if __name__ == "__main__":
    D_vals = [0.2, 0.6, 1.0, 1.5]
    colors = ['blue', 'green', 'orange', 'red']
    plt.figure(figsize=(10,4))
    for Dv, col in zip(D_vals, colors):
        t, S, _ = simulate(params, Dv)
        plt.plot(t, S, color=col, label=f'D={Dv}')
    plt.axhline(params['S_star'], color='k', linestyle=':', label='S*')
    plt.xlabel('Time (days)'); plt.ylabel('S value')
    plt.legend(); plt.title('S dynamics (theoretical simulation)')
    plt.tight_layout(); plt.savefig('S_dynamics.png', dpi=300)
    # plt.show()  # Uncomment if graphical display is available
⚠️ Environment dependencies: Python ≥3.7, numpy ≥1.19.0, scipy ≥1.5.0, matplotlib ≥3.3.0. For exact reproducibility, recommended versions: numpy 1.21.0, scipy 1.7.0, matplotlib 3.4.3.

2.4 MATLAB simulation code (basic version)

matlab
% S_dynamics_simulation.m
% Theoretical example: S‑value dynamics under different danger signal levels
% Author: Zhang Yuanshan
% Date: 2026
% Description: Simulates S-value dynamics based on MICU ODE model.
clear; clc; close all;
rng(42); % fixed seed for reproducibility
params.r = 0.05; params.K = 3.0; params.gamma = 0.3; params.S_star = 0.8;
params.lam = 0.2; params.eta = 0.15; params.delta = 0.03; params.D_thr = 0.7;

odefun = @(t, y, D) [
    params.r * y(1) * (1 - y(1)/params.K) ...
    - params.gamma * D * (y(1) - params.S_star) ...
    + params.lam * y(2) * (params.S_star - y(1));
    params.eta * max(D - params.D_thr, 0) * (1 - y(2)) - params.delta * y(2)
];

simulate = @(D, tspan) ode45(@(t, y) odefun(t, y, D), tspan, [2.5; 0.05]);
D_vals = [0.2, 0.6, 1.0, 1.5]; tspan = [0 200];
figure; hold on;
for i = 1:length(D_vals)
    [t, y] = simulate(D_vals(i), tspan);
    plot(t, y(:,1), 'DisplayName', sprintf('D=%.1f', D_vals(i)));
end
yline(params.S_star, 'k--', 'S*'); xlabel('Time (days)'); ylabel('S value');
legend; title('S dynamics (theoretical simulation)');
saveas(gcf, 'S_dynamics_matlab.png');
⚠️ Environment dependencies: MATLAB R2015b or later; Signal Processing Toolbox required for extended use.

2.5 Guidance for multi‑clone extension (for computational immunologists)

To extend to a multi‑clone Kuramoto model, the core idea is to construct phase equations for N clones:

dθ_i/dt = ω_i + (K/N) Σ sin(θ_j − θ_i) + ξ_i(t)

where ω_i is related to the clone’s antigen affinity. Clone‑specific parameters (e.g., naive T cell frequency, Treg/Teff ratio) can be introduced. Coupling strength K is defined in the main text. For parameterisation, refer to classic literature in computational immunology.

Detailed animal model protocol for validation (LCMV+OVA)

⚠️ Ethics statement: All animal experiments must be approved by the institutional animal care and use committee (IACUC) and follow the ARRIVE guidelines. The following protocol is a theoretical design and must not be carried out without ethical approval.

3.1 Purpose

To validate the dual‑factor entry rule (D > D₁ and local IL‑2 > 10 pM) and to test the contribution of bystander IL‑2 sources.

3.2 Animals and groups

Strain: C57BL/6 mice, 6‑8 weeks old, equal numbers of males and females

Groups (n ≥ 6 per group):

Control group: LCMV Armstrong (2×10⁵ PFU, i.p.) on day 0

Low/medium/high danger signal groups: LPS added on day 7 at 0.1, 1, or 10 μg/kg

IL‑2 blockade group: Medium‑dose LPS + LCMV + anti‑IL‑2 antibody (10 μg/mouse, i.p., administered on day 6 after LCMV infection)
⚠️ Antibody dose validation: Pre‑experiments must confirm that the antibody reduces peripheral blood IL‑2 concentration to <20% of control (ELISA), ensuring >80% blocking efficiency

No‑LCMV control: LPS alone or PBS

3.3 Neo‑antigen presentation

On day 7, inject OVA (100 μg) + CpG (50 μg) via tail vein. On days 10, 14, and 21, collect spleen and lymph nodes; detect OVA‑specific CD8⁺ T cells by flow cytometry using H‑2Kb/SIINFEKL pentamers.

3.4 Determination of the D₁ threshold

Six hours after LPS injection on day 7, collect lymph nodes and measure CD80/CD86 MFI on APCs (CD11c⁺MHC‑II⁺). Define D₁ as the minimal LPS dose at which MFI first exceeds twice that of the PBS group (linear interpolation). Theoretical example: 1 μg/kg.

⚠️ Quantification of danger signal load: Simultaneously measure serum CRP and IL‑6 levels; establish a linear relationship between LPS dose and these markers, and use marker concentrations as a quantitative measure of danger signal load to increase objectivity of the D₁ determination.

3.5 Local IL‑2 detection

Microdialysis: CMA 20‑40 kDa probe inserted into a lymph node or inflammatory focus (depth 1 mm), perfused at 1 μL/min, samples collected every 30 min for 6 h

Recovery calibration: In vitro recovery ~30%. In vivo recovery is affected by tissue blood flow and probe placement; calibrate by retro‑dialysis: add a known concentration of IL‑2 to the perfusate and measure the loss in the dialysate to calculate in vivo recovery

ELISA detection: Sensitivity <0.5 pM

⚠️ Warning: Local IL‑2 concentration reflects the synaptic cleft level, consistent with the positioning in the main text that peripheral blood IL‑2 is a spillover signal.

3.6 Expected results

Medium/high LPS + LCMV groups: OVA‑specific CD8⁺ T cell expansion fold change ≥3 (significant expansion), peak at days 12‑14 (synchronous activation)

Low LPS + LCMV and IL‑2 blockade groups: Expansion delayed by 3‑5 days, peak reduction ≥50% (delayed entrainment)

LPS alone (no LCMV) group: No response (OVA‑specific T cells <0.1%)

Standardised S_clin detection workflow and supplementary notes on sCD25

4.1 Samples and antibodies

Sample: Peripheral blood with EDTA anticoagulation, processed within 2 h

Treg panel: CD3‑FITC, CD4‑PerCP‑Cy5.5, CD25‑PE, Foxp3‑APC

Tpex panel: CD3‑FITC, CD4‑PerCP‑Cy5.5, CD45RO‑PE‑Cy7, PD‑1‑BV421, TCF‑1‑AF647

4.2 Gating and calculation

Lymphocytes (FSC‑A/SSC‑A) → single cells (FSC‑H/FSC‑A) → CD3⁺CD4⁺

Treg% = CD4⁺CD25⁺Foxp3⁺ / CD4⁺

Tpex% = CD4⁺CD45RO⁺PD‑1⁺TCF‑1⁺ / CD4⁺

S_clin = Treg% / Tpex%

⚠️ Cross‑individual comparison correction: Because both Treg% and Tpex% are calculated within CD4⁺ cells, we recommend measuring absolute CD4⁺ counts (e.g., using BD Trucount tubes). Corrected S_clin,adj = (absolute Treg count / absolute CD4 count) / (absolute Tpex count / absolute CD4 count), or directly use the ratio of absolute Treg to absolute Tpex, to eliminate the influence of total CD4⁺ T cell count fluctuations.

⚠️ Warning: For research monitoring only; strictly forbidden for clinical decision‑making.

4.3 Quality control

Weekly calibration with fluorescent beads

Same instrument, voltage, and compensation matrix

Use frozen PBMC batch controls for cross‑week comparisons

4.4 Supplementary sCD25 detection (optional)

Principle: sCD25 (soluble CD25) is produced by proteolytic cleavage of membrane‑bound CD25. Its serum level is elevated in states of excessive T cell activation or IL‑2 consumption. The peak of sCD25 usually lags behind the IL‑2 peak, serving as an auxiliary indicator for the onset of the contraction phase.

Method: Commercial ELISA kit (e.g., R&D Systems DY2230), follow the manufacturer’s instructions. It is recommended to measure simultaneously with free IL‑2 and analyse the combination.

Threshold calibration: The sCD25 threshold should be calibrated by comparing healthy and diseased populations. We suggest first conducting a small‑scale pilot experiment (n ≥ 30 per group), drawing an ROC curve to determine the optimal cut‑off, and then validating with an independent large‑sample cohort. Theoretical example values (mouse >800 pg/mL, human >2500 pg/mL) are only for reference.

Example protocol for phase‑specific IL‑2 administration

5.1 Applicable scenarios (theoretical)

Cancer: Low‑dose IL‑2 during the critical sensitivity phase (S ≈ S*) to enhance ICB

Autoimmune disease: Low‑dose IL‑2 during the contraction/recovery phase to consolidate Treg

5.2 Example doses (mouse, theoretical)

	Immune phase
	S‑state
	IL‑2 dose (IU/mouse)
	Frequency
	Duration

	Critical sensitivity
	0.7S* ≤ S ≤ 1.3S*
	10,000
	Daily
	5 days

	Contraction/recovery
	S rising (towards S*)
	3,000
	Every other day
	10 days

	Effector
	S < 0.7S*
	Not recommended
	—
	—


⚠️ Warning:

Doses must be converted according to IL‑2 specific activity (1×10⁶ IU/mg). Prior pre‑experiments to determine tolerability and efficacy are mandatory.

The above protocols have not been validated in any animal or human study and must not be used directly for treatment.

Supplementary figure descriptions (high‑resolution versions)

The following figures are cited in the main text. High‑resolution versions can be obtained from the author.

Request method: Send an email to xchyuanshanzhang@163.com with the subject line “Supplementary figure request + institution name”. Please specify which figure(s) you need (Figures 1–5) and the intended use (e.g., academic publication, teaching). The author will reply within 7 working days and will provide figures in high‑resolution TIFF or PDF format (300 dpi).

Supplementary Figure 1. N‑shaped relationship between danger signal and S‑value.
Supplementary Figure 2. S‑value dynamics under different danger signal levels (generated by the Python/MATLAB code in Section 2).
Supplementary Figures 3–5. Additional simulation results for multi‑clone mixtures are available upon request.

(The main text figures 1‑5 are described in the main figure legends; they are not repeated here.)

Reproducibility statement

All mathematical models, code, and experimental protocols are theoretical examples

The basic‑version code can be run directly (environment requirements are given in Section 2)

Multi‑clone extension simulations can be implemented according to the Kuramoto model in the main text and the guidance in Section 2.5

The complete code (including the basic version, extension templates, and mixture simulation) will be uploaded to Zenodo; a permanent DOI will be provided upon publication

Random seeds: All stochastic processes in the code (Python: np.random.seed(42); MATLAB: rng(42)) are fixed to ensure exact reproducibility of simulation results.

Open source license: The code is released under the MIT License, permitting reuse with attribution.

⚠️ Overall warning: All numerical values, doses, thresholds, and experimental protocols in this supplementary material are theoretical suggestions. Without ethical approval, they must not be used in humans or animals. Any attempt to use this theory for actual clinical decisions is beyond the author’s intention, and the author disclaims all responsibility.

Multi‑antigen mixture extension and parameter sensitivity analysis

This section extends the framework described in Section 6.3 of the main text, providing additional details on parameter ranges, sensitivity analysis, and numerical values for the multi‑clone mixture model. All parameters and thresholds are illustrative and require experimental validation.

8.1 Additional parameters for multi‑clone simulations

	Parameter
	Symbol
	Illustrative value
	Range tested in sensitivity analysis
	Biological meaning

	IL‑2 threshold (low)
	L_low
	10 pM
	5–20 pM
	Minimal IL‑2 for micro‑oscillation

	IL‑2 threshold (high)
	L_high
	50 pM
	25–100 pM
	Threshold for full Teff activation

	Critical S‑value
	S*
	0.7
	0.4–1.0
	Phase transition point

	Tpex production per osc.
	α_i
	100 cells
	50–200 cells
	Tpex accumulation rate

	Tpex clearance rate
	β_i
	0.01 day⁻¹
	0.005–0.02 day⁻¹
	Natural turnover

	Coupling strength scaling
	α
	0.5
	0.25–0.75
	Weight of driving signal

	Damping coefficient
	β
	0.3
	0.15–0.45
	Sensitivity to S


8.2 Sensitivity analysis results (Supplementary Table S1)

The table below summarises the impact of varying key parameters by ±50% on two core predictions: the awakening time (T_awake) for a reference latent antigen and the critical number of clones (M_crit) required to trigger a cytokine storm. All other parameters fixed at illustrative values.

	[bookmark: _GoBack]Parameter
	Variation
	T_awake change (days)
	M_crit change (%)

	L_low
	+50% (15 pM)
	+3
	+5%

	L_low
	–50% (5 pM)
	–2
	–4%

	L_high
	+50% (75 pM)
	+8
	+15%

	L_high
	–50% (25 pM)
	–7
	–12%

	S*
	+50% (1.05)
	–15
	–20%

	S*
	–50% (0.35)
	+25
	+25%

	α_i (Tpex production)
	+50%
	–30
	–8%

	α_i
	–50%
	+40
	+10%

	β_i (Tpex clearance)
	+50%
	+18
	+6%

	β_i
	–50%
	–22
	–5%

	Coupling α
	+50% (0.75)
	(indirect)
	–18% (synchrony easier)

	Coupling α
	–50% (0.25)
	(indirect)
	+22% (synchrony harder)

	Damping β
	+50% (0.45)
	(indirect)
	+20%

	Damping β
	–50% (0.15)
	(indirect)
	–15%


Interpretation: The qualitative predictions (existence of awakening, coherent amplification, storm threshold) are robust across the tested ranges. Quantitative values (e.g., exact number of clones) shift but remain within a factor of ~1.5. The most sensitive parameter is S*, which strongly influences both awakening time and storm threshold, underscoring the need for experimental calibration of this critical value.

8.3 Multi‑clone mixture simulation code template

A basic template for simulating multiple clones with different frequencies and coupling is provided below. This can be extended to include the antigen classes described in Section 6.3 of the main text.

python
import numpy as np
from scipy.integrate import solve_ivp

def kuramoto_system(t, theta, omega, K, N):
    """Kuramoto model ODE for phase evolution."""
    dtheta = omega + (K/N) * np.sum(np.sin(theta - theta[:,None]), axis=0)
    return dtheta

# Example parameters
N_clones = 5
omega = np.array([0.2, 0.5, 0.8, 1.0, 1.2])  # intrinsic frequencies
K = 1.2  # coupling strength (should be > K_c for synchrony)
t_span = (0, 500)
theta0 = np.random.uniform(0, 2*np.pi, N_clones)
sol = solve_ivp(lambda t, y: kuramoto_system(t, y, omega, K, N_clones),
                t_span, theta0, t_eval=np.linspace(0, 500, 2000))
# Compute total IL-2 as sum of amplitudes times cos(theta)
amplitudes = np.array([1.0, 0.8, 0.6, 0.6, 0.5])  # arbitrary
IL2_total = np.sum(amplitudes * np.cos(sol.y), axis=0)
This template can be adapted to simulate the coherent amplification effect shown in Figure 5 of the main text.

End of Supplementary Materials
