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Abstract

Disease duration is an important factor for multiple sclerosis (MS) patients to understand the
natural history of MS, make appropriate treatment decisions, and aid in prognosis. However, true
disease duration can be difficult to estimate because the clinical disease onset, defined as the age
of the first clinical symptom, is probably years after the biological onset and the onset of tissue
injury visible on structural magnetic resonance imaging (MRI). Traditionally, linear mixed
modeling has been used to fit the trajectory of brain atrophy, but it is not an effective method for
representing the complexity of aging data. We propose a mixed spline modeling approach to
more accurately fit the trajectory of brain atrophy that could be used to estimate the age of onset
of disease-related brain (thalamic) atrophy. The onset of brain tissue loss can be estimated as the
age when the spline curve trajectory of an MS patient starts to depart from that of a normal aging
spline curve trajectory. However, it is difficult to find sufficient longitudinal data over the entire
lifespan to fit a mixed spline model. Thus, we have introduced a new concept of “fish bone” data
structure and novel statistical approaches to construct pseudo-longitudinal data from a large
cross-sectional normal aging data using imputation. In a simulation study, we have identified
unrestricted B-Spline with TOEPLIZ as G-side matrix as the best mixed spline model. When
applied to data from 470 MS cases and 1272 controls, a strong correlation was found between
spline estimated vs. observed longitudinal values in independent validation data. Individual
trajectory plots from the B-Spline mixed model showed a consistent pattern of similar trajectory
curves for MS and normal aging at early ages, with gradual departure from each other over time.
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1. Introduction

Multiple sclerosis (MS) is a chronic, immune-mediated, inflammatory and degenerative disorder
of the central nervous system and the most common cause of nontraumatic neurologic disability in
young adults, affecting at least 400,000 people in the U.S. and 2.5 million worldwide'. Clinically,
the diagnosis is defined by the presence of typical neurological symptoms and demyelinating-
appearing white matter lesions on magnetic resonance imaging (MRI)>. However, in some cases,
MS plaques visible on MRI and thalamic volume loss are already present several years before the
first clinical symptoms™ *, suggesting that the biological onset of the disease may precede the
clinical onset by several years, and that the ‘true’ biological onset of MS is unknown. This presents
a major barrier to understanding the earliest events in the MS pathophysiology and is a substantial
caveat to our current understanding of the natural history of MS.

In addition to the thalamic volume loss that has been observed prior to the onset of clinical

symptoms®, thalamic atrophy has been shown to progress relentlessly over time throughout the MS
clinical disease duration’. Based on the observed trajectories of thalamic atrophy in MS patients
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and healthy controls, by adequately fitting longitudinal MRI data, we should be able to estimate
back to the onset of progressive brain tissue loss that precedes clinical symptoms (i.e. prior to the
acquired MRI data). By comparing the estimated MS thalamic volume trajectory with a
hypothetical normal aging thalamic volume trajectory, we can determine at what age the MS
thalamic volume deviates from the corresponding normal aging trajectory. We hypothesize that a
deviation will be found prior to the first clinical manifestation of the disease, therefore identifying
the disease-related onset of progressive tissue loss that predates the clinical onset and is
theoretically closer to the ‘true’ biological onset.

To compare the thalamic volume trajectory curve for a given MS patient to that of hypothetical
healthy controls is challenging. It requires estimating a thalamic atrophy trajectory curve for an
individual and a reference normal aging trajectory curve with matched baseline conditions and
demographic characteristics. While the best statistical method to fit an accurate trajectory curve has
not been identified, it has been shown that the normal aging brain trajectory is not linear®'? nor is
it linear in an abnormal aging population such as dementia and Parkinson’s disease'* '*. The
conventional statistical approach for longitudinal data is a mixed model using year since baseline
as the time unit to fit a linear or quadratic trend. However, linear or quadratic approaches may not
be the most effective method for representing the complexity of aging data® '*. Chen et al (2016)
have shown that unspecific aging models can result in biased estimates and low powers in statistical
tests'>. On the other hand, as a nonparametric method, a spline model is recommended for its
flexibility and robustness to accurately model the age trajectories of the neuroimaging markers'?.

The major drawback of using a longitudinal spline model is the lack of sufficient longitudinal data
over the entire lifespan. Most longitudinal MRI datasets only cover a few years due to the limited
funding period of studies. For such a short time period, when using years of follow-up as the time
variable, a linear trend may be the best fit to the data, despite the fact that true atrophy over the
lifespan is non-linear. When using the actual age in years instead of years of follow-up as the time
variable, the model will look very different. For the entire sample, age has a wide coverage for the
lifespan, but for each individual, age only covers a small fragment of the lifespan. This data
structure can be conceptualized as a “fish bone” (Figure 1), where the spline curve can be
considered the “back bone” and the straight lines can be considered “branches”. By using cross-
sectional data or the intercept from a longitudinal model with age as the time variable, we should
be able to construct the “back bone" of the spline. Adding the “branches” from large amounts of
individuals in different age categories can enhance the shape of the spline.

The straight lines (light blue) represent
the “branches” of the fish bone and are
based on observed MRI trajectories in
available longitudinal MR! datasets,
which generally display a linear atrophy
trend because of the short follow-up
period of the study. The spline curve
(black) can be conceptualized as the
“back bone” of the fish bone and can be
0.4 fit using cross-sectional data or the
intercept from a longitudinal model.
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Figure 1: Concept Diagram for “Fish Bone” Data Structure
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The purpose of this study is to compare different spline models and select the best fit for the “fish
bone” data structure through a simulation study. We then apply this model to a real-life dataset of
1272 healthy controls and 470 MS subjects and evaluate the model accuracy in 50 MS
independent testing samples. A graphical method was used to assess the feasibility of estimating
the age of onset of brain tissue loss based on trajectory curves from the mixed spline model.

2. Methods
2.1 Study Sample Description

Our data were from the following three resources: 1) The Human Connectome Project (HCP:
http://www.humanconnectome.org), 2) Alzheimer’s Disease Neuroimaging Initiative (ADNI:
http://www.adni-info.org) and 3) a large, single center, prospective, phenotype-genotype MS
cohort study (EPIC) conducted from January 2005 through December 2010°. Healthy control
subjects were from HCP, ADNI and the same center as the EPIC study. MS subjects were from
the EPIC study only. Age at scan date, sex and thalamic volume were extracted from each of the
data sources. Thalamic volume was normalized by total intracranial volume and multiplied by
1000.

Healthy control subjects (N=1272) had a mean =+ std age of 40+20 years (Q1: 27, Q3: 46) with
56.3% female, while MS subjects had a mean age of 43+10 years (Q1: 36, Q3: 50) with 70.2%
female and an average of 4+1.5 annual scans per subject. While most of the healthy controls only
have one MRI scan, 229 of them had repeated measures (2.9+1 scans in 2.5+1.4 years). For
healthy control subjects, the normalized thalamic volume was 9.4+1 (Q1: 8.8, Q3: 9.9) at study
entry. MS had similar thalamic volumes at study entry: 9.3+1 (Q1: 8.7, Q3:9.9).

2.2 Constructing Longitudinal Normal Aging Data from Large Cross-Sectional Data

We propose an approach for constructing longitudinal data from cross-sectional data using a
spline model, inspired by the “fish bone” data structure represented in Figure 1. In a well-fit
spline model in 1272 unique healthy subjects with cross-sectional MRIs, we used age as the
independent variable to form the “back bone” of the fish bone structure. Since most subjects did
not have longitudinal data (84.7%), we used imputation to fill in the ‘unobserved’ values, which
extended the observed age by + a few years to grow the “branches.” Covariates at the individual
level such as intracranial volume and sex were used to better estimate the actual values. We
reserved 433 repeated measurements from 229 individuals as independent testing.

Multivariate Adaptive Regression Splines (MARS) was used to build the imputation model with
all available demographics and comorbidity data. MARS was chosen because of its robustness to
outliers and missing data, and for its ability to auto-search non-linear associations with high
dimensional interactions'®. For this demonstration study, only age at scan, intracranial volume
(ICV), and sex were used as predictors of thalamic volume (percent of total brain volume). ICV
and sex were treated as constant for each individual subject when imputing longitudinal data.
Longitudinal thalamic volumes were imputed at =2 years from age at scan. ICC two-way mixed
with absolute agreement and Pearson correlation were used to assess the agreement/correlation
between MARS model-imputed longitudinal data vs. observed longitudinal data. SAS9.4
ADAPTIVEREG was used to fit the MARS model.

2.3. Mixed Spline Model for Trajectory of Thalamic Atrophy
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Let n be the number of subjects. For the i participant, denote # as the age, denote Yl/ (1) asthe

thalamus volume at the j™ measurement for subject i, and denote X;; as other predictors such as
sex that we want to study. To accurately and efficiently model the age effects, we use a
semiparametric model of the form given below.

Yl](t) = ﬂU(t) + Xl]ﬁ + Ui(t) + El'j(t),i =1, ...,Tl,j =1, ,k
where y;;(t) is the unspecified aging trajectory for subject i at the j™ time evaluated at age ¢,
and S are the regression coefficients of the other predictors at the j" time. v; is the random effect
of each subject. The measurement errors €;; are assumed to follow a normal distribution N(0,R),
where R is the covariance matrix. This semiparametric regression model is a parsimonious way to
both capture the potential nonlinear age trajectory and investigate the effects of other predictors.

The simplest special case of this model is the linear mixed model where p; ;(¢) = S, + B, . A

broader class of models that could be fitted under this framework are the regression splines which
can be based on truncated power function (TPF) basis, B-spline basis or natural spline basis.
These models vary by the choice of the spline basis and tuning parameters (the number of knots
and the knot positions) that have an impact on the estimated shape of a spline function.
Parameter-function estimation contains two major steps, (i) approximation using basis functions
(e.g. TPF, B-Spline) which allows to fit lower-order polynomials within very small interval
partitions (based on knots) and (ii) smoothing the approximation via penalty (e.g. random
SPLINE coefficients, TOEPLIZ G-side matrix, RSMOOTH G-side matrix). The smoothing could
be done via generalized cross validation (GCV) (Wahaba 1990) or mixed effects approaches
(Wood 2006), which are known to facilitate the choice of the knot positions in spline modelling
(Eilers & Marx, 1996). They also allow a penalty to be applied directly to the model coefficients
(P-spline penalty penalizes the squared differences between adjacent model coefficients, which in
turn penalizes wiggles).

We compared penalized splines (P-spline) with B-spline basis and truncated power function
(TPF) basis with different random effect structures such as P-SPLINE and RSMOOTH (radial

smoothing). For the P-spline the unspecified function g, (¢) is approximated with a cubic B-

Spline or TPF basis. Following Ruppert, Wand and Carroll (2003), the cubic spline can be
represented as:

K
i = o+ Buxi + B + Bax® + ) By (ni— )%
j=1

x—t x>t
(x_t)+={0 0

Estimation of parameters is made by minimizing the penalized log-likelihood function using proc
GLIMMIX in SAS 9.4 with smoothing implemented using P-SPLINE smoothing (Random
x/type=pspline) or radial smoothing (Random x/type=rsmooth). This mixed model formulation of
spline smoothing has the advantage that the smoothing parameter is selected automatically
(Ruppert, Wand, and Carroll (2003)) and is shown to be more robust with mis-specification of
error dependence structure, compared to GCV-based approach (Krivobokova & Kauermann,
2007). Model comparison was made using Akaike information criterion (AIC) and Bayesian
information criterion (BIC) criterion with lower values indicating better fit.

2.4. Design of Simulation Study

The purpose of the simulation study is to compare spline models in order to choose the most
appropriate spline model for the “fish bone” data structure. The simulated data mimic the fish

1206



JSM 2020 - Biometrics Section

bone data structure by combining 10 sets of data from 10 different age blocks (k=1 to 10) with
each block formed for age range from 30 to 80 with 5-year intervals (e.g. 30-34, 35-49). Each
simulated data set was based on the covariance parameters estimated from a linear mixed model
(with random intercept and slope) fitted using the observed data. Block-specific weights (W, Vi)
were added to the fixed effects for intercept and slope for each block to mimic a spline shape
(“back bone” as shown in Figure 1). The final mixed effects model is as follows:

Yiij = WiBroo + ViBrro(Year)yij + Bro1MS + P11 (MS) * (Year)y;; + byo; +
brij(Year)yij + €xij, €ij ~ iid N(0,0?)

The learning sample was a combination of 10 datasets with 50 MS subjects each (age span 30 to
80 years). Each MS subject had 5 longitudinal data points within each block simulated using the
linear mixed model above. Therefore, there were 500 subjects total in the learning data. Wy, Vi
started with small value in younger age, e.g. 1% decrease from the previous age block, but larger
in middle age, e.g. 5% decrease, then became smaller again in older age, e.g. 1% decrease. The
testing data followed the same simulation procedure but repeated the same subject ID across the
10 blocks, thus the testing data contained 50 MS subjects, and each subject had 50 simulated age
points. Because our ultimate goal is to predict the thalamic volume at an age that is younger than
the observed age, the testing data included 4 more younger age points: 26, 27, 28, and 29,
additional to the 50 age points.

We considered three G-side covariance types (TOEPLIZ, P-SPLINE and radial smoothing) and
four basis functions (Cubic-B-Spline, Cubic -TPF, Natural-TPF, Natural-B-Spline) and made
comparisons using AIC/BIC with 500 iterations. Since the goal is to estimate the prediction
accuracy from the spline model. The testing data were scored through each of the 12 spline
models, then obtain the estimated thalamic volume with associated 95% confidence interval at
each age points. We took the average of the 500 replicates for model-predicted thalamic volume
and the associated 95% ClIs. We graphed the spline plots to visually inspect the overlap between
true spline curve and the model-estimated spline curves, as well as the width of 95% confidence
band.

Learning Data N=500 Testing Data (N=50)
(Fish Bone Data Structure) (Continuous Spline Data Structure)
10 10

Test Accuracy in
Predicting
Thalamus

7 Volume at

Young Age (26,

27,28, 29)

Normalized Thalamic Volume (%o)
[2]

Normalized Thalamic Volume (%)
2]

30 40 50 60 70 80 30 40 50 60 70 80
Age Age
Figure 2: Shapes of the Simulated Data Curves for Normal and MS, red line is the normal aging
trajectory and blue line is MS trajectory
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Figure 2 shows the spline shapes for both simulated learning and testing data, with red line as the
normal aging trajectory and blue line as MS trajectory. The curve from the learning data shows
the simulated ‘fish-bone’ structure while the curve from the validation data shows the expected
smoothed spline curve with data points for the imputed early age data.

2.5 Real-Life Data Application

We applied 12 different scenarios of spline models to a real-life data with 520 MS subjects and
1272 normal subjects. For the normal subjects, we used constructed longitudinal data with 5
follow-up years from the spline model based on cross-sectional data. Among the 520 MS
subjects, we randomly selected and reserved 50 MS subjects as the independent testing data. We
also evaluated the impact of covariates on model accuracy. Model performance was compared
using Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC). For the
spline prediction accuracy, we calculated the difference between the observed and the model-
predicted thalamic volume at each time point. Repeated measurement correlation coefficient!”'*
and intra correlation coefficient (ICC) were used to assess the agreement between predicted and
observed longitudinal thalamic volume.

3. RESULTS
3.1 Accuracy of imputed longitudinal normal aging data

The independent validation was conducted by comparing the MARS model-predicted
longitudinal data vs. the 433 observed longitudinal data with the matched subject ID and age. The
predicted data had a relatively strong agreement with the observed values: ICC two-way mixed
with absolute agreement 0.62 95% CI (0.56, 0.68). The predicted value can also explain 49% of
total variance in the observed value (r=0.7 and R?=0.49).

3.2 Results of Simulation Study

Table 1 shows mean and standard deviation of AIC and BIC comparing mixed-spline models and
their corresponding G-side covariance from 500 iterations based on each of the 12 spline
modeling scenarios. In general, unrestricted B-Spline had the smallest AIC or BIC showing the
best fitting index, followed by unrestricted TPF. The restricted basis functions, both natural-B-
Spline and natural-TPF, performed poorly. For G-side matrix, the TOEPLIZ had the best
performance, followed by radial smoothing. P-SPLINE had the worst performance.

Table 1. AIC and BIC from Different Spline Structures Based on Simulation Data

G-side Covariance Type

Cubic Spline Basis Function TOEPLIZ PSPLINE RSMOOTH

Cubic-B-Spline AIC | 354.45£74.557 | 5843.49+250.76 | 797.04+80.81
Cubic-B-Spline BIC | 421.88+74.57 | 5910.93+250.75 | 864.46+80.76
Cubic —TPF AIC | 448.76x117.7 | 5840.56+250.33 | 809.23+83.55
Cubic —TPF BIC | 516.25+117.71 | 5907.99+250.33 | 876.67+83.52
Natural-TPF AIC | 673.43£76.93 | 5921.87+250.77 | 906.61+£80.24
Natural-TPF BIC | 707.14+£76.9 5955.57£250.75 | 940.344+80.23
Natural-B-Spline AIC | 673.43£76.93 | 5921.87+250.77 | 906.61+£80.24
Natural-B-Spline BIC | 707.14+76.9 5955.57£250.75 | 940.344+80.23
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T: Mean£Std from 500 iterations

Besides model fitting, we have also assessed the prediction accuracy of each of the 12 spline
models based on the prediction accuracy on testing data. We have visually inspected the overlap
of the true spline and the model estimated spline curves, as well as the width of 95% confidence
band. The visual inspection matched with the AIC/BIC finding of the best performance from B-
Spline with a TOEPLIZ covariance model. The visual illustration of spline curves from
TOEPLIZ was presented in Figure 3.

Figure 3 A-D shows the patterns of the smoothed true spline from learning data vs. the estimated
spline constructed using the mean of the predicted values and associated 95% upper and lower
confidence limits over 500 iterations from testing data. In 3A, the predicted spline from
TOEPLIZ with Cubic-B-Spline overlapped well with the true spline, and the predicted 95%
confidence band is narrow for the younger age. When using TPF as basis function (3B), the 95%
CI became very wide at early ages. The restricted splines (3C&3D) fitted a line as straight as a
linear line, which is largely deviated from the simulated spline.

Estimated

L Soline b A: cubic spline with bspline basis

and random toep1

B: cubic spline with tpf basis and
random toepl

.—L“ \
Simulated ———o—1
Spline ;

35 5 % o %
Age in Year

C: restricted cubic spline with tpf
basis and random toep1

D: restricted cubic bspline with
pspline basis and random toepl

L] a8 L] (L] ™ » L] s L] ™
Age In Year Age in Year

Figure 3: Tllustration of Simulated Spline vs. Predicted Spline from Simulation Study
3.3. Results of Real-Life Data Analysis

The real-life data application results concurred with the simulation study, with the best fitting
model being the B-Spline with TOEPLIZ. In this model, the initial observed thalamic volume
(baseline thalamic volume) had a statistically significant interaction with the random spline slope
and a strong impact on the prediction accuracy for follow up longitudinal thalamic volume data.
As shown in Tables 2a and 2b, with and without initial observed thalamic volume, there was a
large difference in prediction accuracy. For the best fitting model (Bolded in Table 2), the
difference between observed and predicted thalamic volume was small, with mean + std of
0.01+£0.31 (Q1: -0.09, Median: 0.05, Q3: 0.16). The median difference was only about 0.6% of
average thalamic volume at study entry. A robust correlation coefficient from repeated
measurement correlation test was also found using TOEPLIZ with Cubic-B-Spline, r=0.94 95%
CI(0.91, 0.96), which is consistent with ICC score ICC=0.94 95% CI (0.92, 0.95). Besides
model fitting and model accuracy assessments, we constructed six randomly individual MS
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trajectory curves along curve with individually estimated reference normal aging trajectory
curves (Figure 4). It showed a consistent pattern of similar trajectory curves for MS and normal

aging at early ages, with gradual departure from each other over time.

Table 2a: Comparison of Model Performance in Real-Life Data Application with Initial
Thalamic Volume as Covariate

G-side Cov | Cubic AlIC BIC Difference ICC r for
Type Spline between Repeated
Basis Observed and Data
Function Predicted Value 1
RSMOOTH | Cubic-B- -9632 | -9541 | 0+0.3 (-0.08, 0.94 95% CI | 0.94 95%
Spline 0.05, 0.16) (0.92,0.95) | CI1(0.91,
0.97)
PSPLINE Cubic-B- -8991 -8900 | -0.01+0.28 (-0.08, | 0.94 95% CI | 0.94 95%
Spline 0.07, 0.16) (0.93,0.96) | CI1(0.92,
0.97)
TOEPLIZ | Cubic-B- | -10978 | -10887 | 0.01+0.31 (-0.09, | 0.94 95% 0.94 959%
Spline 0.05, 0.16) Cl1 (0.92, Cl1 (0.91,
0.95) 0.96)
RSMOOTH | Cubic - -9639 | -9547 | 0.01+0.3 (-0.08, 0.94 95% CI | 0.94 95%
TPF 0.06, 0.16) (0.92,0.95) | CI(0.91,
0.97)
PSPLINE Cubic - -8992 | -8900 | -0.01+0.28 (-0.09, | 0.94 95% CI | 0.94 95%
TPF 0.07,0.16) (0.93,0.96) | CI1(0.92,
0.97)
TOEPLIZ Cubic - -10986 | -10895 | 0.01+0.32 (-0.09, | 0.93 95% CI | 0.93 95%
TPF 0.05, 0.16) (0.91,0.95) | CI1(0.9,
0.96)
RSMOOTH | Natural- -9374 | -9325 | -0.02+0.28 (-0.1, | 0.94 95% CI | 0.94 95%
B-Spline 0.05, 0.15) (0.93,0.96) | CI(0.92,
0.97)
PSPLINE Natural- -8899 | -8851 | -0.02+0.28 (-0.1, | 0.94 95% CI | 0.94 95%
B-Spline 0.05, 0.16) (0.93,0.96) | CI(0.92,
0.97)
TOEPLIZ | Natural- -10840 | -10792 | 0+0.3 (-0.1, 0.05, | 0.94 95% CI | 0.94 95%
B-Spline 0.15) (0.92,0.95) | CI(0.91,
0.97)
RSMOOTH | Natural- -9374 | -9325 | -0.02+0.28 (-0.1, | 0.94 95% CI | 0.94 95%
TPF 0.05, 0.15) (0.93,0.96) | CI(0.92,
0.97)
PSPLINE Natural- -8899 | -8851 | -0.02+0.28 (-0.1, | 0.94 95% CI | 0.94 95%
TPF 0.05, 0.16) (0.93,0.96) | CI1(0.92,
0.97)
TOEPLIZ | Natural- -10840 | -10792 | 0+0.3 (-0.1, 0.05, | 0.9495% CI | 0.94 95%
TPF 0.15) (0.92,0.95) | CI(0.91,
0.97)

1: Mean£Std (Q1, Median, Q3)

Table 2b: Comparison of Model Performance in Real-Life Data Application without Initial
Thalamic Volume as Covariate
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RSMOOTH [ Cubic-B- | -4578 | -4491 [ -0.11%0.8 (-0.54, - | 0.37 95% CI | 0.43 95%
Spline 0.09, 0.45) (0.25,0.47) | CI(0.21,

0.64)
PSPLINE | Cubic-B- 8662 | 8748 | -0.16+0.82 (-0.55, | 0.42 95% CI | 0.45 95%
Spline -0.13, 0.48) (0.31,0.52) | CI(0.24,

0.66)
TOEPLIZ | Cubic-B- | -6513 | -6427 | 0.02+0.84 (-0.45, | 0.3795% CI | 0.39 95%
Spline 0.03, 0.69) (0.25,0.47) | CI(0.16,

0.61)
RSMOOTH | Cubic - -4533 | -4447 | -0.11%0.8 (-0.54, - | 0.37 95% CI | 0.43 95%
TPF 0.09, 0.44) (0.26, 0.48) | CI(0.21,

0.65)
PSPLINE | Cubic - 8665 | 8751 | -0.16+0.81 (-0.54, | 0.42 95% CI | 0.45 95%
TPF -0.12, 0.47) (0.31,0.52) | CI(0.24,

0.66)
TOEPLIZ | Cubic - 6382 | -6296 | 0.02+0.84 (-0.45, | 0.3795% CI | 0.39 95%
TPF 0.04, 0.69) (0.25,0.48) | CI(0.16,

0.62)
RSMOOTH | Natural- 4530 | -4487 | -0.12+0.8 (-0.57, - | 0.34 95% CI | 0.41 95%
B-Spline 0.1,0.52) (0.23,0.45) | CI(0.19,

0.63)
PSPLINE | Natural- 8764 | 8807 | -0.35+0.87 (-0.81, | 0.3795% CI | 0.41 95%
B-Spline -0.26, 0.28) (0.22,0.49) | CI(0.18,

0.63)
TOEPLIZ | Natural- 6486 | -6443 | 0.02+0.84 (-0.47, | 0.3695% CI | 0.39 95%
B-Spline 0.02, 0.69) (0.25,0.47) | CI(0.16,

0.61)
RSMOOTH | Natural- -4530 | -4487 | -0.12+0.8 (-0.57, - | 0.34 95% CI | 0.41 95%
TPF 0.1, 0.52) (0.23,0.45) | CI(0.19,

0.63)
PSPLINE | Natural- 8764 | 8807 | -0.35+0.87 (-0.81, | 0.3795% CI | 0.41 95%
TPF -0.26, 0.28) (0.22,0.49) | CI(0.18,

0.63)
TOEPLIZ | Natural- 6486 | -6443 | 0.02+0.84 (-0.47, | 0.36 95% CI | 0.39 95%
TPF 0.02, 0.69) (0.25,0.47) | CI(0.16,

0.61)

1: Mean£Std (Q1, Median, Q3)

Figure 4 illustrates the trajectory curve for 6 individuals with different age, sex and initial
thalamic volume from the independent testing sample (n=50). For each of them, a normal
reference trajectory line was estimated using the matched age, sex and initial thalamic volume of
that specific MS subject. The MS trajectory line and normal aging trajectory line merged at a

younger age and gradually departed in later life.
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Figure 4: Individual Trajectory Curve from 6 MS Subjects, orange solid line represents the
thalamic atrophy curve for each individual MS subject, and blue solid line represents
corresponding hypothetical normal aging curve, the dashed lines represent the 95% predicted
interval.

4. Discussion

In this study, we developed a statistical model that captures the trajectory of thalamic atrophy in
MS subjects using a mixed spline modeling approach. We compared several spline smoothing
techniques and both the simulation and experimental data show that B-SPLINE with TOEPLITZ
covariance structure best fits the data. The fitted mixed spline model was then used to estimate
the age of MS onset of progressive thalamic atrophy using an in vivo brain MRI dataset (1501
normal, 520 MS subjects).

To achieve this goal, we relied on the concept of a “fish bone” data structure. This data structure
can be created when treating follow-up age as the time variable instead of using the years of
follow-up. The “fish bone” data structure was the underlying concept we used to impute
longitudinal data from a large cross-sectional normal aging sample. Doing so allowed us to cover
a large age span by leveraging the wide age distribution from the entire sample. It is a creative
solution to overcome the constraint of having only a few follow-up data points from each
individual, which cannot reliably be used to depict changes throughout life. We were then able to
fit an appropriate mixed spline model for both MS and normal aging. We demonstrated the
accuracy of the imputed longitudinal data by compared predicted values to observed values from
229 individuals with longitudinal measurements.

Spline models have developed rapidly in recent years but have been underused in the MS field.

This is the first attempt to apply a mixed spline model to a “fish bone” data structure. In our
simulation study, we demonstrated that all 12 spline model scenarios successfully converged with
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the “fish bone” data structure. Applying restriction will result in poor fitting in this data structure.
Using B-Spline with TOEPLIZ as G-side matrix resulted in the best fitted model in our
simulation study and when we applied the 12 spline models to real-life data with 1272 normal
aging and 470 MS samples. The model performance was validated through 50 reserved
independent testing MS samples. The validation result showed very small difference between
observed and predicted thalamus volume with mean+std of 0.01+£0.31 (Q1: -0.09, Median: 0.05,
Q3: 0.16). The median difference was only about 0.6% of average thalamus volume at study
entry. It also showed an excellent correlation coefficient from repeated measurement correlation
coefficient of 0.94 95% CI (0.91, 0.96).

By examining the two spline trajectory curves from each of the 50 testing samples, we have
observed similar patterns between individuals. For 96% of the 50 testing samples, these two
curves met at an age that was younger than the clinical onset age, which is consistent with our a
priori hypothesis and is encouraging. The methodology still needs to be developed to determine
when these two curves truly depart from each other. Thus, we are currently obtaining a larger
normal aging MRI dataset to improve the accuracy when estimating the individual tailored
normal aging reference curve. Moreover, adding medical comorbidities as covariates might also
help with the normal aging reference curve estimation, as some medical conditions are known to
affect brain atrophy.

The use of disease modifying therapy (DMT) in MS patients has not been included in our mixed
spline model. DMT exposure, typically initiated after the clinical onset, can contribute to
neuroprotection and is reported to slow down the rate of brain tissue loss'’. However, DMT
exposure would ideally be treated as a time dependent covariate. Adding another time-dependent
variable into the mixed spline model will significantly increase the model complexity. Future
methodological work is needed to address this issue, particularly if clinical translation is a
subsequent step of this work.

Our study provides a novel solution to a common data limitation which could ultimately impact
patient care in MS. For an individual with MS, we can now construct a spline curve to precisely
fit that individual’s brain atrophy trajectory, allowing us to estimate brain volume loss that must
have occurred prior to the clinical onset. We can also create a reference normal aging trajectory
tailored to specific individuals. When these two trajectories overlap, we can assume that disease-
related brain tissue loss has not yet started. In contrast, when these two curves start to deviate
from each other, it is likely that disease-related progressive brain tissue loss has begun. Further
methods need to be developed to estimate the age when these 2 curves significantly depart from
each other. This age, along with a confidence interval, can then be used as the age of onset of
progressive brain tissue loss. Such estimation would correspond to an inflection point related to
disease duration that might have a significant prognostic impact for patients diagnosed with MS.
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