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Biomarker Decision Rules
Abbreviations: AI = agreement index; AMD = age-related macular degeneration; ANOVA = analysis of variance; AUC = area under the curve; CI = confidence interval; HC = healthy control; ICC = intraclass correlation coefficient; ROC = receiver operating characteristic; SI = stability index.
We classified variables according to the following framework:
1. Validity
Validity was defined as discrimination between AMD and HC, demonstrated if either (i) the ROC AUC lower 95% CI exceeded 0.50, or (ii) the AMD–HC confidence interval excluded zero (equivalent to p < 0.05 in ANOVA). In practice, both ROC and ANOVA were reported for each variable to provide concordant evidence, but either criterion alone was sufficient to establish validity.
2. Repeatability
a. Repeatability between patients (population level):
ICC (v.3.1) > 0.50.
b. Repeatability within patients (individual level):
i. AI > 0.50.
ii. Exception A (rescue): if AI ≤ 0.50 but SI > 0.14, the variable was still accepted as within-patient repeatable.
iii. Exception B: if AI > 0.50 but SI ≤ 0.14, the variable was considered repeatable but flagged as not stable.
3. Stability
SI > 0.14 → stable. Stability was evaluated independently of validity and discrimination. A variable could therefore be stable even if it was not valid as a biomarker.
4. Reliability
Reliability was defined as meeting both between-patient repeatability (ICC) and within-patient repeatability (AI and SI).
5. Biomarker classification
a. Validation as a biomarker: in this study, a variable was considered a biomarker candidate if it met the validity criterion of discriminating between AMD and HC.
b. Population biomarker: Valid + ICC > 0.50.
c. Patient biomarker: Valid + within-patient repeatability (AI/SI rules).
d. Strong biomarker: fulfilled both population- and patient-level criteria.
6. Interpretation
a. Variables repeatable at both levels (ICC and AI) were considered reliable and applicable in both population research and individual patient monitoring.
b. Variables with only between-patient repeatability were considered useful for population-level studies but required repeated measurements for individuals.
c. Variables with only within-patient repeatability and stability were considered suitable for individual clinical assessment.
d. Stability added confidence for longitudinal use but was not treated as a formal requirement in this initial validation.


Statistical Methodology
Note: The section “Statistical Methodology” is adapted with permission from (1,2). The original author has reviewed and consented to the use and slight modifications of this text.
Reliability and Agreement
A reliable variable on a population level needs to be repeatable both between and within participants. A reliable variable on an individual participant level needs to be repeatable and stable within participants. The performed reliability and repeatability analysis in this study includes both the intraclass correlation coefficient (3.1) (ICC) (3) and the Bland–Altman model (4,5). The ICC was calculated with the two-way mixed-effect absolute agreement model, mainly focusing on repeatability between patients (6). The Bland–Altman model was used to express the repeatability or agreement within participants. This model is expressed graphically by the Bland–Altman plot, given as the mean difference between two measurements of the same object with a 95% prediction interval calculated as mean difference ± 2 times the standard deviation of the difference between the two measurements . These intervals are referred to as Limits of Agreement (LoA). In addition, an Agreement Index (AI) (7) defined as 1 minus the ratio between the half width between the LoA and the measurement mean level is used; . We used the following categorization of both AI and ICC (6,8):
	•	Poor: 		
	•	Moderate: 	
	•	Good: 		
	•	Excellent:	
Stability
Let  be the standard deviation within patients, and  the standard deviation between patients. The ratio  is a useful indicator of stability. A lower ratio suggests better stability, and ratios less than 1 are required to claim acceptable stability.
To create a stability index (SI) that increases with better stability, we define:

Unlike other classification indices that set arbitrary limits, we use probability-based limits. Let us denote the number of repeated observations per patient and the number of patients. It is known that the ratio of two chi-squared distributions, suitably adjusted by degrees of freedom, follows an F-distribution, the probability distribution of a ratio of variances.
Let n denote the number of repeated observations within patients and m the number of patients. The ratio between two chi-squared distributions with  and  degrees of freedom (df) multiplied with the inverse df-ratio is F-distributed with  and  df (9). Consequently, if you calculate the ratio between the sum of squares within patients  and the sum of squares between patients  and multiply this ratio by , the result follows an F-distribution with  and  degrees of freedom.
From this, it follows that:



… is F-distributed with  and  df.
If we let P represent a chosen probability threshold, then:
 gives that 
and therefore: 
.
Different α values yield classification thresholds for the SI.
In our study, we have  repeated observations and  patients, which means  is F-distributed with 5 and 15 degrees of freedom. This allows us to calculate classification limits for each patient’s SI and for the mean SI across the whole sample, with confidence intervals.
Using the α values of 0.05, 0.10, 0.20, and 0.40, the calculations provided in Supplementary Table 1 provide the following classification limits of SI:
· Excellent:		
· Very good:		
· Good:			
· Acceptable:		
· Poor:			
These classification limits are applied both at the individual patient level and to the mean SI for the entire dataset.


Supplementary Table 1: Stability Index (SI) classification limits derived from probability-based thresholds. SI was defined as , where  is the within-patient standard deviation and  the between-patient standard deviation. Limits were calculated by inverting the F-distribution with degrees of freedom determined by the number of patients and repeats per patient. For each significance level α, the lower SI limit was derived as . The term f1-α denotes the upper-tail critical value of the F distribution. These thresholds allow classification of variables according to stability: Excellent, Very good, Good, Acceptable, or Poor. The classification limits apply both at the level of individual patients and at the mean SI across the cohort.
	SI stability classification
	α
	Lower SI limit
	SI range

	Excellent
	
	 
	=
	
	

	Very good
	
	
	=
	
	

	Good
	
	 
	=
	
	

	Acceptable
	
	
	=
	
	

	Poor
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Supplementary Figure 1. Representative raw traces of pupil diameter and velocity across one full stimulus sequence.
The x-axis represents time (seconds), and the y-axis represents either pupil diameter (mm) (thick lines) or pupil velocity (mm/s) (thin lines). Velocity traces are shown inverted, so that faster constrictions (normally negative values) appear higher on the graph; this makes the dynamic area under the curve visually interpretable alongside diameter.
Orange traces correspond to the right eye (OD) and blue traces to the left eye (OS). The background shading indicates the stimulus state: black segments = dark background (dilation), white segments = bright background (constriction).
Each stimulus segment (boxes across the timeline) contains three numeric annotations:
1. Left number = pupil diameter (or peak value) at the start of the segment.
2. Right number = change in value from the start to the end of the segment.
3. Bottom number = interocular difference .
The sequence of alternating dark/bright segments illustrate the structured permutations of stimuli used in the experiment. This graphical layout provides an overview of how diameter, velocity, and interocular differences evolve dynamically across consecutive intervals.
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