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E I N

Abstract: Backgrounds: Linear association has widely been assumed for prediction of aging-related fractional
anisotropy (FA) decline in white matter of the brain. While useful for testing significance of the aging effect, it
fails to identify a threshold age before and after which the age-FA association changes. Identification of such a
threshold is often of clinical interest for timely intervention. Methods: We employed a sigmoidal growth
function to test a threshold effect in age triggering onset of cerebral decline in 21 white matter tracts, and
compared its fitting performance to those of linear, and power regression. The study sample was a normal
healthy cohort of 106 participants with ages in mid-life ranging from 18 to 60 years. Results: Of the 21 white
matter tracts analyzed, the posterior thalamic radiation showed better fit with sigmoidal curve model,
compared to a linear or power regression. The estimated threshold age in years (95% confidence interval) were
47.2 (44.1-48.4). Conclusion: While available evidence regarding the presence of a specific age threshold for
cerebral decline in mid-life based on FA was limited, the posterior thalamic radiation exhibited a threshold age
of 47.2. Beyond this age point, we observed a significant change in the FA risk pattern.
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1. Introduction

Even normal aging is associated with changes in the microstructural composition of white
matter (WM), partly attributed to loss of myelin (1, 2) . Loss of myelin facilitates directional
heterogeneity of water diffusion compared to densely myelinated WM where diffusion is highly
constrained to predominantly parallel to the axis of axon bundles. Microstructural changes in myelin
density can thus be indexed as a decrease in fractional anisotropy (FA) from Diffusion Tensor
Imaging (DTI).

In almost all diffusion magnetic resonance imaging (MRI) studies, analytic approaches have
sought linear relationships between FA and age, often quantified by linear regression coefficients or
correlations. While those association measures are straightforward to compute, and useful for
identifying significant risk factors, they fail to identify a threshold beyond which an abrupt change
in risk pattern is expected. Estimating a threshold age beyond which senescent epochs in lifespan
defined by the pattern of FA as function of age begins could add information regarding the aging
process and enhance clinical relevance of neuroimaging measures. Of the few studies that have
applied non-linear approaches to this issue, Kochunov et al. (1) used a second order polynomial
regression to identify such a threshold age. Once a threshold age was determined, a linear regression
on age was then fitted to each epoch, before and after the threshold, in a piece-wise linear regression
fashion. Brickman et al. (3) also applied a linear regression to fit FA during each epoch after
identifying a threshold age by visual inspection of the data.

Sigmoidal curves, S- or inverse S-shaped, are frequently used for fitting or modeling biological
data (4-7). A special feature of the sigmoidal growth function is its ability to model a threshold (7),
where the rate of change (i.e., the first derivative of the curve) reaches the maximum at the threshold

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202309.1143.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 September 2023 doi:10.20944/preprints202309.1143.v1

and vanishes at both extremes on the X-axis. This particular feature is different from those of both
piece-wise linear regression approaches, described above, which assume a symmetric and constant
rate of change within each epoch before and after the threshold.

Our prior study (7) examined the threshold effect of cumulative heading exposure among
amateur soccer players; where heading is a putative risk factor for low FA. We fitted FA data by
adopting sigmoidal growth curve and estimated a threshold exposure level where risk for low FA
increased. The study showed the FA pattern was sharply split into two segments separated by the
estimated threshold; FA leveled off in both tail areas of the two segments of heading exposure.

Building upon our prior study (7), we aimed to estimate a threshold age for abrupt FA changes
across a young to middle aged segment of the adult lifespan, by applying the sigmoidal growth
functions to a total of 21 white matter tracts, including projection, limbic, association, and callosal
fibers. The list of 21 WM tracts is presented in Supplementary material S1. We hypothesize that there
exists a threshold age at which FA begins to decline, consistent with onset of subclinical senescence
in the mid-life years (18-60) as studied in (1, 3). Confirmation of this hypothesis would indicate that
FA trends or trajectories across the lifespan may be more complicated than the continuous decline
assumed by a single linear or simple sequence of two linear associations separated by a threshold
age, as was assumed in prior studies of age-related white matter change.

We review the sigmoidal growth model in Section 2.1 and then present alternative models for
comparison in Section 2.2, followed by a description of DTI data acquisition and preprocessing in
Section 2.3. Analysis results based on sigmoidal growth function are presented in Section 3, followed
by discussion and conclusion in Section 4 and 5.

2. Materials and Methods

2.1. Sigmoidal Growth Function Regression Model

Sigmoidal growth model has been widely adopted to describe the biological, pharmacological
dynamics of dose-response curve (4-7). The general form of sigmoidal growth function is based on a
logistic regression model and written as follows.

A .
rexp(—f, (- fy) M

where zi represents covariates, a. is the coefficients of zi, and xi is the variable of interest explored for
its threshold effect; here, xi represents age of the i-th participant. We impose a positive constraint on

yvi=f(x,z)=0az;+

ﬂz so that ﬁ2 (> 0) solely determines the rate change of the exponential curve. Let us define

gx)=f(x;z)—a'z . Since lim g(x)=0 and lim g(x)=/, , f determines the scale (or
X—>—00 X—>0

maximum) of the curve as well as its shape, S-shape ( ,Bl > () or inverse S-shape ( ,Bl <0). Change in

outcome yi in Model (1) at an x is determined by the first derivative of f with respect to x, that is,

I _ 1
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The greatest absolute change (slope) of f occurs when x is equal to ﬂ3 , where the first derivative
function at X = ﬂ3 in Equation (2) (=% (Bysz) = B, / 4) takes the maximum if ﬁl >0 and the
minimum if ,81 <0. Thus ﬁz determines the change of f at the threshold (or inflection) point ﬂ3 ,

and a larger value of ﬂz represents a sharper transition of y at ﬂ3 .

The nonlinear sigmoidal growth function in Model (1) can be fitted by iterative nonlinear least
square optimization algorithms such as Gauss-Newton and Levenberg-Marquardt algorithm (8-10).
We used the latter algorithm since it provides better convergence due to its flexible step size at each
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iteration (8). To avoid local maximums, we used 100 different sets of starting values of parameters
and then selected the parameter set that maximizes the log-likelihood function value. We use a
likelihood ratio test (LRT) to test significance of parameters since LRT is robust to potentially non-
symmetric sampling distribution of the parameter estimates and small samples compared with other
tests such as a Wald test as demonstrated in (11, 12). Details of nonlinear regression and LRT are
demonstrated in Supplementary material 52 and S3.

2.2. Linear and Power Regression Models

The following alternative models were compared to the sigmoidal growth function (Model (1)):

y=az+fx" +e 3)

y=0zZ+fx+e (4)

where zi represents covariates as before, a is the coefficients of zi. Model (3) is a power regression
model of x whereas Model (4) is a simple linear regression; of note, the linear model is a reduced form

of the Model (3) when ﬂz =1. Since the power regression model shown in Model (3) is again

nonlinear function of x, the Levenberg-Marquardt algorithm for nonlinear least square optimization
is employed. These two competing models are not nested within the sigmoidal growth function in
Model (1), however.

We adopt three model selection criteria Mean Squared Error (MSE), Akaike Information Criteria
(AIC) and Bayesian Information Criterion (BIC) for choosing the optimal model across the three
competing models, (1), (3) and (4). All models were fitted and tested using MATLAB and SAS.

2.3. DTI Acquisition and Preprocessing

DTI was performed using a 3.0 T MRI scanner (Achieva; Philips Medical Systems, Best, The
Netherlands) with an eight-channel head coil (Sense Head Coil; Philips Medical Systems). T1-
weighted whole-head structural imaging was performed using sagittal three-dimensional
magnetization-prepared rapid acquisition gradient echo (MP-RAGE; TR/TE/T1=9.9/4.6/1250 msec;
field of view, 240 mm? matrix, 240 x 240; and section thickness, 1 mm). T2-weighted whole-head
imaging was performed using axial two-dimensional turbo spin-echo (TR/TE =4000/100 msec; field
of view, 240 mm?; matrix, 384 x 512; and section thickness, 2 mm). DTI was performed using single-
shot echo-planar imaging (TR/TE =11000/51 msec; field of view, 240 mm? matrix, 120 x 120; section
thickness, 2 mm; independent diffusion sensitizing directions, 32; and b =800 s/mm?).

FA was derived from DTI at each voxel using the FMRIB Diffusion Toolbox (13). Preprocessing
procedures implemented for DTI included skull stripping, echo-planar imaging distortion correction,
intermediate rigid-body registration, registration to standard space, transformation of DTI to
standard space, and white matter segmentation, in sequence. Non-brain voxels were removed from
the MP-RAGE and turbo spin-echo images using FMRIB-FSL software (14). Each brain volume was
inspected section-by-section, and residual non-brain voxels were removed manually. Turbo spin-
echo images were acquired with the same section thickness, position and orientation as DTIL
Distortion correction was accomplished using a nonlinear deformation algorithm to match each echo-
planar image to the corresponding turbo spin-echo volumes (15). For intermediate rigid-body
registration, each subject’s turbo spin-echo images were registered to their three-dimensional MP-
RAGE volume using the Automated Registration Toolbox (ART) (16) three-dimensional rigid-body
approach (17). For registration to standard space, the nonlinear registration module in ART was used
to register each subject’s three-dimensional MP-RAGE volume to a standard T1-weighted template,
the Johns Hopkins University (JHU) T1 (JHU-MNI-S5-T1) (18, 19). For transformation of DTI to the
standard space, distortion correction, intermediate rigid-body registration, and standard space
registration were applied to the calculated FA maps in a single resectioning operation using ART.
Final cubic voxel size was 1 mm?, masked to exclude non-brain voxels from the analysis. For white
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matter segmentation, the fast automated segmentation tool in the FMRIB-FSL package (14) was used
to generate a white matter mask for the three-dimensional MP-RAGE template brain images and
restrict subsequent statistical analysis of FA to white matter voxels. Details of DTI preprocessing were
described previously (20). A JHU-MNI-SS atlas (JHU-MNI-SS-WMPM-Type-II) with comprehensive
WM parcellation (19) was used to extract WM anatomical information from each co-registered
individual FA volume. Mean FA was obtained from each of the 21 WM tracts delineated by the JHU
atlas in each hemisphere for each participant.

2.4. Participants

A total 106 healthy participants, 34 women and 72 men, with ages ranging from 18 to 60 years,
and with no history of medical, neurological or psychiatric disease were enrolled in a study
addressing normal variation of brain imaging measures in healthy individuals across the lifespan
between August 2010 and May 2015. All studies were approved by an Institutional Review Board of
Albert Einstein College of Medicine. Written informed consent was obtained from each participant.

3. Results

To estimate threshold ages where the rate of FA decline changes, the sigmoidal growth function
in Model (1) as well as the two competing models (3) and (4) were fitted to the mean FA from each of
the 21 WM fiber tracts. Among the 21 tracts examined, a linear association between FA and age was
prevalent, evidenced by 11 WM tracts displaying lower MSE, 18 tracts with lower AIC, and 20 tracts
with lower BIC when using a linear model. However, one specific WM tract, the posterior thalamic
radiation, exhibited a notable threshold effect of age on FA that shows the lowest MSE, AIC, and BIC
with the sigmoidal growth function (Table 1). The three competing models were also compared in
terms of MSE, AIC, and BIC for all 21 WM tracts as presented in Supplementary material S4.

Table 1. Comparison of fitting performances from three competing models.

The posterior thalamic radiation MSE AIC BIC
Sigmoidal growth model 640.0 991.7 1005.0
Power model 686.7 998.1 1008.8
Linear model 692.3 997.0 1005.0

Note: MSE: Mean square error; AIC: Akaike Information Criterion; BIC: Bayesian Information Criterion.

The final sigmoidal function fitted to the posterior thalamic radiation was estimated as
=Byt B (1+exp (=B (0 - ),

where ﬂAO =496.7, ,BAI =-371, ,éz =5.7, and ﬂ} =47.2. Specifically, the estimated threshold age (
,33 ) was 47.2 years with 95% C.I. of [44.1, 48.4] (p < 0.0001) for the posterior thalamic radiation (Table
2). The scale factor of the curve ( ,Bl ) was negative, and thus the estimated curve is an inverse S-shape
(p-value = 0.00002). We note that testing for the null hypothesis ( ﬂz) , which is that rate of change of

the sigmoidal curve at the threshold age is not necessary, since ﬂz is constrained to be positive as

mentioned in Section 2.1. The fitted sigmoidal growth function (Model (1)) with its 95% prediction
intervals for the posterior thalamic radiation tract is presented in Figure 1 (a), and those from two
competing models (linear & power model) in Figure 1 (b).

Table 2. Hypothesis test on the significance of a threshold age: HO : ﬂ3 =0.

95% CI
(44.1, 48.4)

P-value
<0.0001

Estimate

The posterior thalamic radiation 47.2



https://doi.org/10.20944/preprints202309.1143.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 September 2023 doi:10.20944/preprints202309.1143.v1

Lastly, the sigmoidal growth function assumes that FA levels off in the tails of both epochs. For
this reason, a response pattern either gradually decreasing or increasing in each epoch may not be
detected. Therefore, we examined the significance of such a potential lack-of-fit by applying linear
regressions for each epoch and tested the significance of the coefficient of age (Ho: y=0). Results
showed that no significant linear associations of FA with age were found in the posterior thalamic
radiation for the epochs before (Ebecfore) and after (Eater) the threshold age (y = -0.36, p=0.36, n=87 in
Ebefore; y =-0.19, p=0.89, n=19 in Eatter).
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Figure 1. Modeling Growth Patterns for the Posterior Thalamic Radiation Tract. Figure 1. a) presents
a sigmoidal growth function (represented by the green solid line) along with its corresponding 95%
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prediction interval (shown as green dotted lines) fitted for the posterior thalamic radiation.
Similarly, in Figure 1(b), we have fitted both a power function (red solid line) and a linear model
(black line) along with their respective 95% prediction intervals (red and black dotted lines,
respectively).

4. Discussion

In a cohort of healthy young to middle aged adults (18-60 years) we find that in the posterior
thalamic radiation, the associations between age and FA may not be a linear, but more likely follow
the pattern of a step function, where FA levels are different before and after a threshold age.

Kochunov (1) estimated the threshold separating maturation and senescence to be around 32
years (32 + 6) for 9 white matter tracts in 831 healthy participants aged 11 to 90. This threshold varied
across the tracts and extended into the 3rd and 4th decades of life. Similarly, Brickman (3) suggested
30 years as a threshold by visually inspecting data from the cerebral peduncle and the posterior limb
of the internal capsule in 282 healthy participants aged 7 to 87 years. Our study found a different
estimated age threshold, 47.2 years, for the posterior thalamic radiation, which exceeds the range of
threshold ages suggested in previous studies (1, 3). Notably, the age spectrum covered in the previous
two studies was extensive, encompassing individuals from adolescence through the final decade of
life (7 to 90 years). The primary emphasis of these studies was to estimate the age at which peak
myelin maturation occurs, expected to be during the transition from youth to mid-life. In contrast,
our study focused on identifying the threshold age for senescent changes in mid-life.

We tested the effect of sex by including sex-specific intercepts in the sigmoidal growth function
in Model (1) as a covariate, and found that it is not significant (data not shown). Different threshold
age effect by sex was tested by fitting a separate sigmoidal growth curve for each sex group. Sex-
specific 95% CI’s for the estimated threshold age were overlapped (data not shown). We surmise that
testing the of sex effect would require a larger cohort for more accurate assessment of difference in
sex-specific threshold ages.

Optimization of nonlinear power regression with a WM track (Tapatum) failed to converge with
all 100 sets of starting values described in Section 2.2. These failures are suspected to be attributed to
a couple of reasons. Firstly, Tapatum represents a relatively small region within the white matter,
making the reliable estimation of FA a challenging task. Alternatively, it could be linked to over-
parameterization, where certain parameters within the nonlinear functions in Models (1) and (6)
become redundant, resulting in the singularity of the Jacobian matrix.

We strictly compared competing model performance using penalized model comparison criteria
(AIC and BIC) to prevent overfitting. The sigmoidal curve performed better with the posterior
thalamic radiation than linear and power regression model in terms of MSE and AIC, however, it
was tied with linear model in terms of BIC, the most stringent criteria for model selection. Therefore,
we conclude that the sigmoidal model with the posterior thalamic ration attains both the lowest MSE
and the highest parsimony among the three tested models.

We observed a significant age-related threshold effect on fractional anisotropy (FA), particularly
within the posterior thalamic radiation at around the age of 47. Thalamocortical radiations are
bundles of nerve fibers that establish connections between the thalamus and the cerebral cortex.
Specifically, the posterior thalamic radiation connects the thalamus to the parietal and occipital lobes,
facilitating the transmission of input from the eyes and other sensory modalities (21-23). The
American Optometric Association (AOA) reports that starting in the early to mid-40s, many adults
may experience difficulties with clear vision in their daily lives (source: https://www.aoa.org/healthy-
eyes/eye-health-for-life/adult-vision-41-to-60-years-of-age?sso=y). Age-related changes in vision first
manifest in alterations related to the projection of light onto the retina, followed by processing in the
early levels of the cerebral visual cortex to detect simple features such as orientation and contrast,
and subsequently progress to higher-level visual processing (24). A future study is warranted to gain
a better understanding of the changes occurring in the cerebral visual cortex through changes in the
posterior thalamic radiation.
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This study has several limitations. Since lower FA is thought to indicate microstructural change
that leads to cognitive decline, it will be important to examine whether individuals beyond the
threshold age also exhibit cognitive decline and whether the degree of cognitive decline is associated
with the degree of decline in FA. Addressing these important questions will require longitudinal
follow-up of individuals, which is beyond the scope of the present study. Analysis of an expanded
age span may require more flexible models that allow for the presence of multiple thresholds for both
epochs. To this end, larger sample sizes are warranted for more accurate estimation of model
parameters and fuller characterization of FA changes with normal aging.

5. Conclusion

A sigmoidal growth curve better characterized aging-related FA decline of the posterior
thalamic radiation. While linear or quadratic models have usually been adopted to estimate the
trajectory of FA over the lifespan, our study suggests aging-related FA trajectory in mid-life could be
far from such simple patterns. Therefore, FA trajectories across the lifespan could be more
complicated than a single linear or simple sequence of two piecewise linear associations separated by
a threshold age.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org.
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