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Abstract. Longitudinal neuroimaging is essential for studying brain ag-
ing and disease progression. Most existing approaches track raw change
over time, without reference to normative population trajectories. Cross-
sectional normative models offer a principled alternative by contextual-
ising an individual’s brain against healthy population norms, but their
application to longitudinal inference raises an underexplored question:
how reliably can individual deviations from normative trajectories be
distinguished from stochastic measurement error? We address this using
the Longitudinal Deviation Index (LDI), which quantifies reliability as
the ratio of true inter-individual residual slope variance to variance ex-
pected purely from measurement error. Leveraging a normative model
pre-trained on over 6,800 healthy individuals, we derived theoretical LDI
estimates from test-retest data and validated them against empirical lon-
gitudinal data from cognitively normal adults. Within an 8-year follow-
up window (LDI < 1), individual deviations are indistinguishable from
measurement noise, confounding valid longitudinal inference. Beyond 8
years (LDI > 1), cumulative longitudinal variations systematically sur-
pass the noise floor, reflecting genuine biological progression. These re-
sults clarify the limits of longitudinal interpretation using cross-sectional
normative models and provide a principled framework for noise-aware
inference.

Keywords: Longitudinal reliability - LDI - Normative models - Mea-
surement error.

1 Introduction

Longitudinal neuroimaging is central to understanding brain aging and disease
progression, yet most existing approaches track raw change over time without
reference to population norms [9,21]. Normative models offer a principled alter-
native: by learning reference distributions from large healthy cohorts, they con-
textualise individual brain structure relative to expected age-related trajectories
[13,2], and have been applied broadly in neurological and psychiatric research
[12,16,23].
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Most normative models are built on cross-sectional data and, when applied
longitudinally, implicitly assume that healthy individuals maintain a stable cen-
tile rank over time [6,13]. Under this assumption, a subject’s baseline centile
defines their normative trajectory, and deviations from it are interpreted as bi-
ologically meaningful change [18]. However, longitudinal neuroimaging data are
subject to non-negligible measurement variability from sources such as scanner
drift, protocol changes, and preprocessing inconsistencies, even in the absence of
true biological change. Conflating these noise-driven fluctuations with genuine
structural progression is thus a real risk when applying cross-sectional normative
models to repeated measures [7].

Because prior work has focused predominantly on cross-sectional accuracy
or applied normative models longitudinally without quantifying reliability [5,
19], it remains unclear to what extent observed longitudinal deviations reflect
genuine biological progression versus measurement noise [20]. We address this
gap by introducing the Longitudinal Deviation Index (LDI), defined as the ra-
tio of inter-individual variability in residual change to the variability expected
purely from measurement error. Low LDI values indicate that residual slopes are
dominated by noise; elevated values signal systematic longitudinal deviations re-
flecting biological progression not captured by the cross-sectional model.

2 Methods

2.1 Pre-trained Normative Model and Centile Trajectory

To assess longitudinal reliability, we used a pre-trained cross-sectional normative
model based on our previous work [11], which was fitted for each log-transformed
IDP independently using the Generalized Additive Models for Location, Scale,
and Shape (GAMLSS *) framework.

To apply the model to the new data, for each new subject ¢, the IDP Y;; at
age t;; (j = 1,...,n) is assumed to stem from one of the scanning sites used
during training, in order to predict model parameters and compute residuals.
Subsequently, site-specific mean and variance parameters are estimated from the
residuals of healthy control subjects at the new site, and these parameters are
applied to calculate the calibrated IDP Y;'j This procedure effectively removes
site effects from the data and provides an expected, healthy distribution for
each subject given their age and sex. A detailed description of this calibration
procedure is provided in Section S2.2 of the supplementary material in [11].

Furthermore, under the fundamental assumption that healthy individuals
maintain a relatively stable centile rank over time, we utilized normative cen-
tile curves to define the cross-sectional normative trajectory for each individual.
Specifically, for subject 4, the predicted IDP value Yf;re‘i at age t;; is deter-
mined by evaluating the normative quantile function [17] conditioned on their
baseline centile (at t;0) and their new age ¢;;. Consequently, the residual r;; is
explicitly defined as the deviation between the calibrated observation and this
cross-sectional normative trajectory: r;; = Y, — Y;.’;Ted.

4 https://cran.r-project.org/web /packages/gamlss/
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2.2 Residual Trajectory and LDI

Assuming that changes in residuals follow a linear trend over time, the residual
trajectory for each individual i is modeled as:

rij = a; + b; ti; + €ij, (1)

where the intercept term a; is set to 0, as the baseline residual is 0 by con-
struction. The slope b; represents the individual-specific deviation rate from the
cross-sectional normative trajectory. We assume that population slopes b; fol-
low a normal distribution, b; ~ N(§,07). Similarly, the measurement error €;; is
normally distributed with mean 0 and variance o2.

Furthermore, we define the LDI as the ratio of the true variance to the error
variance for the residual slope b;:

Vartrue
Varerror

LDI = (2)

2.3 Parameter Estimation

Assuming linear longitudinal change, applying linear regression to individuals
with at least three observations allows us to estimate the true biological variance
while isolating it from measurement error [4]. Consequently, the true (latent)
variance can be estimated as the residual slope variance J;;), given that inter-
individual differences in the rate of deviation from the cross-sectional normative
trajectory represent genuine biological variance.

The error variance quantifies the uncertainty associated with an individual’s
residual slope estimate b. Following ordinary least squares theory, this is defined
as the ratio of the cross-sectional measurement error variance o2 to the total
sum of squared deviations of the time points (SST) [20, 22]:

o2

<. 3
SST 3)
In this study, the measurement error variance o? is derived from half of the

variance of the test-—retest difference [3]. The SST represents the spread of ob-
servation times:

Varerror =

n
SST = Z(tij — ;)2 (4)
j=1
Under the assumption of approximately equal spacing, SST can be simplified
relative to the total study duration ¢ and the number of observations n [8,15]:

t2n(n +1)

SSchuidistant = m

(5)
By substituting the estimated parameters (Eq. 3 and Eq. 5) into Equation

2, the LDI can be explicitly formulated as:

_ o

~ o2{2n(n+1)/12(n — 1)}

LDI (6)
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Equation 5 demonstrates that under equally spaced observations, SST grows
quadratically with the follow-up duration ¢. Consequently, the slope error vari-
ance decreases proportionally to ¢t~2, implying that the LDI increases rapidly
with longer follow-up durations.

2.4 Data

We utilized the OASIS-3 dataset [10], restricting our analysis to participants
aged 42-95 who remained cognitively normal (Clinical Dementia Rating, CDR
= 0 [14]) across all longitudinal visits. To estimate specific variance components,
we derived three subsets (see Tab. 1): (1) a Test-Retest Subset (n = 116, interval
< 90 days, mean = 15 days) from 11 scanners (sites) for calculating measure-
ment error variance, with outliers > 5 median absolute deviations (MAD) from
the mean within subjects removed; (2) Longitudinal Subset 1 (n = 114, > 4
observations, spanning > 4 years) from 15 scanners to estimate the true residual
slope variance; and (3) Longitudinal Subset 2 (n = 214, > 3 observations) from
15 scanners to empirically estimate the error variance of the residual slope.

Table 1. Descriptions for the test-retest subset and the longitudinal subsets. Age
is reported in years, while follow-up time is in days (d) for the test-retest subset and
years (y) for the longitudinal subsets. Fem. indicates the number of female participants;
Obs. denotes the number of longitudinal imaging sessions per subject; Site specifies the
number of scanners involved.

N Fem. Obs. Site Age Follow-up time

mean SD min max mean SD min max

Test-Retest 116 66 2 11 66.23 8.13 42.70 84.72 15.11d 20.17d 1d  90d

Longitudinal
1 114 70 4-9 15 67.36 8.29 45.96 92.44 8.86y 1.97y 4.14y 12.34y
2 214 132 3-9 15 68.09 8.39 45.96 92.44 7.48y 2.57y 1.78y 12.34y

We processed T1w data via FreeSurfer to extract regional IDP values across
different modalities (cortical thickness, volume, and pial surface area). These
data were subsequently mapped using the pre-trained cross-sectional normative
model. To formally validate the underlying parametric assumptions, we con-
ducted Kolmogorov-Smirnov tests across all 204 IDPs. The results confirm our
assumptions: 100% of the features passed the normality check for measurement
error, and 91.2% (186,/204) exhibited no significant deviation from normality for
the longitudinal residual slopes (p > 0.05).

Next, we evaluated follow-up durations (¢) of 2 to 8 years (2-year intervals)
across n € {3,5,7,9} observations from a theoretical perspective. Due to data
constraints, empirical validations were limited to n € {3,5} over the same dura-
tion.
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3 Results

3.1 Measurement Error is Age-independent across Cortical Regions

We quantified the measurement error using the test-retest data to assess its
distribution and stability. Our analysis revealed consistency in error magnitude
across morphometric measures, with entorhinal regions in cortical thickness ex-
hibiting slightly lower error levels compared to volume and surface area (Fig. 1a).
In addition, no significant linear relationship was found between measurement
error and age in any region after correcting for multiple comparisons (FDR-
corrected p > 0.05; Fig. 1b). This independence of measurement error from age
was consistent across both the left and right hemispheres. These findings sug-
gest that measurement error can be modeled as a stable, age-invariant parameter
within the studied age range from 42.70 to 84.72 years, validating the use of a
fixed error variance for subsequent LDI estimations.
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Fig. 1. Measurement error and age. a) Association between measurement absolute log
error and age for entorhinal volume, area, and thickness in the test-retest dataset. Red
= left hemisphere, green = right hemisphere. Data were fitted using loess models, with
shaded ribbons indicating the corresponding confidence intervals. b) Pearson’s corre-
lations between measurement error and age across all features. Each point represents
one feature, and the dashed line indicates a null correlation. No feature showed a sig-
nificant association between measurement error and age after correction for multiple
comparisons using the false discovery rate (FDR, p < 0.05).

3.2 LDI in Theoretical Analysis

Theoretically, LDI was derived from the estimated measurement error and resid-
ual slope variances across follow-up durations of 2-8 years with 3-9 equidistant
observations (Eq. 6). A higher LDI indicates that genuine biological progres-
sion exceeds what the cross-sectional model captures. On average, for an 8-year
follow-up, the LDI consistently exceeded 1 and increased alongside observation
count (Fig. 2a). Conversely, for shorter periods (24 years), the biological signal
was largely submerged by measurement error across nearly all frequencies. No-
tably, we observed comparable statistical power between 3 observations over 6
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years and 9 observations over 4 years, which demonstrates that over short follow-
up periods, true individual deviations from the expected normative trajectory
are too subtle to overcome measurement error, rendering dense longitudinal sam-
pling ineffective. In contrast, extending the temporal tracking window allows
genuine biological deviations to accumulate and surpass the noise floor. Fur-
thermore, LDI exhibited significant regional heterogeneity. For instance, under
a 3-year follow-up with 8 observations, the LDI remained below 0.8 for bilateral
transverse temporal volume and thickness, as well as for the right lingual pial
area (Fig. 2b). In contrast, higher LDI levels were observed for the pial area and
cortical thickness in the superior parietal and rostral middle frontal regions.
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Fig. 2. LDI estimated theoretically. a) Trajectories of mean LDI across different brain
regions over a 2 to 8 year follow-up period, evaluated under varying numbers of obser-
vations. Results are presented separately for the left (top row) and right (bottom row)
hemispheres and different modalities. Error bars illustrate +1 SD. b) Spatial maps of
regional LDI at the 8-year follow-up based on 3 observations.
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3.3 Empirical Estimation and Validation

Empirically, the residual slope variance was treated as a fixed parameter, while
the error variance was estimated using the standard error (SE) of the subject-
specific residual slope for each feature. Specifically, linear regression of the lon-
gitudinal residuals yields both the slope and its associated SE, which quantifies
the estimation uncertainty. We modeled these SE values using a generalized lin-
ear mixed-effects model (GLMM) [1], including the total follow-up duration and
the number of observations as fixed effects, alongside brain regions as a ran-
dom intercept. Given that the SE underestimates the true error variance of the
slope, we applied an observation-dependent empirical scaling factor to correct
the predicted SE. This factor was derived from synthetic data: by adding random
noise to known true slopes and refitting the data, we could empirically compute
the true slope error variance because the true slope is known, see also [20]. As
illustrated in Fig. 3, the relationship between the mean SE and the standard
deviation (SD) of the true errors for the simulated slopes is reported for the
number of observations. The magnitude of the deviation from the reference line
(slope = 1) quantifies how much the SE underestimates the variance of the true
slope error.
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Fig. 3. Scatter plots of SE obtained via linear fitting versus the SD of slope errors
across different observations in synthetic data. Each data point represents a simulation
of a specific brain regional IDP over 500 iterations. The SE is reported as the mean.

Constrained by empirical data availability, we evaluated the empirical LDI
as a function of follow-up duration exclusively for 3 and 5 observations (Fig. 4a).
On average, the LDI for 5 observations was slightly higher than that for 3, a dis-
crepancy likely driven by the smaller sample size available for the 5-observation
cohort. Additionally, the difference between empirical and theoretical LDI re-
mained minimal for follow-up periods of 2 to 6 years, increasing slightly at the
8-year mark (Fig. 4b). Across modalities, the mean theoretical-empirical LDI
difference was near 0 (Fig. 4c), robustly validating the predictive accuracy of
our theoretical framework. Furthermore, the LDI exhibited pronounced regional
heterogeneity (Fig. 4d), corroborating our theoretical analysis. For instance, el-
evated LDI values were observed for the rostral middle frontal region.
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Fig. 4. LDI estimated empirically. a) Mean LDI across features as a function of total
follow-up time and number of equidistant observations. Mean differences in LDI by b)
follow-up time and number of observations, and ¢) modality, between the analytically
derived and the empirical estimations of LDI. Positive ALDI indicates higher estimates

for the analytical derivation of LDI. d) Empirically, spatial maps of the LDI for diverse
brain structures at the 8-year follow-up across 3 observations.

4 Discussion and Conclusion

Our central finding is that cross-sectional normative models cannot support re-
liable individual-level longitudinal inference within an 8-year follow-up window.
Below this threshold (LDI < 1), deviations from normative trajectories are
statistically indistinguishable from stochastic measurement error, and residual
changes cannot be confidently attributed to genuine biological progression. Be-
yond 8 years (LDI > 1), cumulative biological variation systematically exceeds
the noise floor, and normative model residuals begin to carry interpretable lon-
gitudinal signals. This provides a principled basis for determining when cross-
sectional normative models can be applied to longitudinal inference — a question
largely unaddressed in prior work, where longitudinal change is more commonly
tracked as raw deviation without normative reference [9, 21].

Regional LDI heterogeneity further qualifies these findings. Association cor-
tices, including superior parietal and rostral middle frontal regions, exhibit higher
LDI values, likely reflecting greater genuine inter-individual variability in lon-
gitudinal deviation rates (o7). These regions therefore reach reliable detection
thresholds earlier. Conversely, bilateral transverse temporal and right lingual ar-
eas show persistently low LDI, suggesting individual trajectories there remain
noise-dominated even at longer follow-ups.
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This study has several limitations. First, limited empirical data prevented
validation for 7 and 9 observations. Second, the evaluation was restricted to
cognitively normal individuals; future work should characterise LDI in clinical
cohorts such as Alzheimer’s disease, where biological decline is expected to out-
pace the noise floor over shorter intervals. Third, a linear approximation was
assumed for tractability, though biological changes are often non-linear. Fourth,
the noise floor was established from 15-day test-retest data and may not capture
longer-term physiological fluctuations. Fifth, LDI values are dataset-specific to
OASIS-3; generalisability across larger, more heterogeneous cohorts should be
formally validated.

In conclusion, the LDI offers a noise-aware framework for evaluating when
longitudinal inference from cross-sectional normative models is statistically war-
ranted. For follow-up windows below 8 years, residual deviations from normative
trajectories should be interpreted cautiously, and study designs should explicitly
account for measurement error rather than treating residual change as a direct
proxy for biological progression.
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