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Abstract

Background: Prediction of functional outcome after stroke based on initial presentation
remains an open challenge, suggesting that an important aspect is missing from these
prediction models. There exists the notion of a protective mechanism called brain reserve,
which may be utilized to understand variations in disease outcome. In this work we expand
the concept of brain reserve (effective reserve) to improve prediction models of functional

outcome after acute ischemic stroke (AIS).

Methods: Consecutive AIS patients with acute brain MRI (<48 hours) were eligible for
this study. White matter hyperintensity and acute infarct volume were determined on T2
fluid attenuated inversion recovery and diffusion weighted images, respectively. Modified
Rankin Scale scores (mRS) were obtained at 90 days post-stroke. Effective reserve (eR)
was defined as a latent variable using structural equation modeling by including age,

systolic blood pressure, and intracranial volume measurements.
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Results: Of 453 AIS patients (mean age 66.6+14.7 years), 36% were male and 311
hypertensive. There was inverse association between eR and 90-day mRS (path coefficient
-0.18+0.01, p<0.01). As compared to a model without eR, correlation between predicted
mRS and observed mRS improved in the eR-based model (Spearman’s p 0.29+0.18 versus

0.15+0.17, p<0.001). Furthermore, hypertensive patients exhibited lower eR (p<107).

Conclusion: Using eR in prediction models of stroke outcome is feasible and leads to better
model performance. Furthermore, higher eR is associated with more favorable functional

post-stoke outcome and might correspond to an overall better vascular health.

Introduction

Early prediction of stroke risk and a better understanding of the underlying disease
processes may lead to effective prevention strategies for adverse cognitive and functional
stroke outcomes, thereby improving patients’ quality of life and reducing the economic
burden on families and society [1]. However, mechanisms of post-stroke recovery are
complex and not well understood.

Among these, the notion of biological protective mechanisms intrinsic to the brain’s ability
to withstand insults has been linked to better outcomes after disease onset [2—4]. This innate
resilience to insults is in part supported by the observation that some subjects experience a
better outcome than expected given their clinical presentation, and is increasingly referred
to as “brain reserve” (BR) [5,6]. BR has been proposed as an indirect measure of brain
health [7] and linked to brain volume [8]; however, understanding of the biological

underpinnings of such a mechanism remains limited.
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In stroke, a theoretical construct such as BR could improve prediction models of post-
stroke outcomes; however, theories describing such mechanism are lacking. Prior non-
stroke studies that modeled BR as a latent variable in structural equation modeling (SEM)
analysis have, for example, demonstrated that BR is positively correlated with white matter
hyperintensity volume (WMHv) in healthy elderly, while controlling for speed/executive
or language function [9]. This suggests that patients with higher BR can withstand a greater
burden of cerebral microvascular disease (larger WMHyvV) before significant deterioration
in cognitive function occurs.

SEM is commonly used to confirm whether a model is supported by the data and can be
seen as a combination of multiple regression and confirmatory factor analysis, in which
latent variables are introduced to model properties of the system that are not measured or
cannot be observed directly[10]. Given that WMHYv is a validated risk factor for poor
outcomes after stroke [11], we hypothesize that a model which accounts for an intrinsic
(unmeasured) biological protective mechanism (such as BR), while accounting for known
risk factors such as WMHyv, might improve prediction of stroke outcome [12,13].
Furthermore, in this work we expand on the idea of BR, by defining a latent variable we
call “effective reserve” (eR), which models the resilience of the brain after negative effects,
e.g. of the brain injury, have been taken into account. We hypothesize that accounting for
the brain’s intrinsic ability to withstand the burden of chronic (pre-stroke) and acute (acute
ischemia) insults will improve our ability to predict functional outcomes after stroke. To
test this hypothesis, we examine: (a) whether a model that includes eR can describe
functional stroke outcome as captured by the modified Rankin scale score (mRS) at 90

days post-stroke[ 14] better than a linear model based on the observed variables only; and
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(b) the biological underpinnings of what eR may represent in relation to overall vascular

health of the patient based on pre-stroke diagnosis of hypertension.
Methods

Standard protocol approvals, registrations, and patient consent
At the time of enrollment in this study, informed written consent was obtained from all
participating subjects or their surrogates. The use of human subjects in this study was

approved by the Institutional Review Board.

Study design, setting, and patient population

Patients presenting to the emergency department at our hospital between 2003 and 2011,
who were over 18 years of age and showed signs and symptoms of acute ischemic stroke
(AIS), were eligible for enrollment in the institutional ischemic stroke cohort. In this
analysis, we included subjects with (a) acute cerebral infarct lesions confirmed by diffusion
weighted imaging (DWI) scans obtained within 48 hours of symptom onset and (b) T2
fluid-attenuated inversion recovery (T2-FLAIR) sequences available for WMHyv analysis

(total n=481 subjects).

Clinical variables and outcome assessment

All clinical variables including demographics, past medical history, and vital signs were
obtained on admission. Patients and/or surrogates were interviewed directly and medical
records were reviewed, as necessary.

All variables were assessed for outliers. Patients with systolic blood pressure (SBP) below
50 (20 patients) or above 250 (4 patients), as well as intracranial volume (ICV) below 12

cm’ (4 patients) were excluded, resulting in a total of 453 subjects. Hypertensive patients
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were defined as those with past medical history of hypertension or those who were on anti-
hypertensive medication (311/453, 68.7%). Hypertension status was missing for 72 of the
patients.

Patients and/or their caregivers were interviewed in person or by telephone at 3-6 months
after AIS to assess functional outcome (mRS). Recurrent cerebrovascular events, newly
diagnosed medical conditions, and medication use were specifically assessed in this

interview. If the patient could not be contacted, mRS was determined from chart review.

Neuroimaging analysis

The standard AIS protocol included DWI (single-shot echo-planar imaging; one to five Bo
volumes, 6 to 30 diffusion directions with b=1000 s/mm?, 1-3 averaged volumes) and T2
FLAIR imaging (TR 5000ms, minimum TE of 62 to 116ms, TI 2200ms, FOV 220-
240mm). DWI data sets were assessed and corrected for motion and eddy current
distortions [15]. WMHyv was determined on the T2-FLAIR images using a semi-automated
approach [16] in the hemisphere contralateral to the acute ischemic lesion (i.e.,
contralesional) and doubled to estimate the total WMH burden. Additionally, acute infarct
volume was manually assessed on DWI (DWIv). ICV was calculated on T1 sagittal

sequences using a previously validated method [17].

Statistical analysis of clinical variables

Group differences in clinical variables between hypertensive and non-hypertensive patients
are assessed using Wilcox and Fisher exact test for continuous and categorical variables,
respectively. Inter-measure correlations are assessed using Spearman’s rank correlation
coefficient. P-values of correlations are approximated based on t-/F- distributions, as

described previously[ 18] and implemented in the R package Hmisc[19].
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Effective Reserve
In our model, eR is represented as a latent variable. We assume ICV to have a direct
(positive) association with eR [9,20]. Additionally, age is believed to limit the brain’s
capacity to counteract insults [21]. This reduced capacity to withstand the impact of an
acute insult such as AIS might be reflected in long-term exposure to abnormally elevated
blood pressure, as reflected in admission SBP. Therefore, we include age, SBP and ICV in
our eR model, where eR is given by:

eR ~Age + SBP +ICV. (1)
Moreover, we incorporate known links between age and WMHv [22-24], SBP and WMHv
[22-25], WMHyv and mRS [11], and DWIv and mRS [26]. The full (initial) model is shown
in Figure 1.

Figure 1: Initial structural equation model for effective reserve.
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Squares represent measured phenotypes, whereas the circle indicates the latent variable. According to convention, arrows from latent

variables point outwards. Associations in the model are indicated by arrows and can be estimated using path analysis.

Abbreviations: DWIv — acute lesion volume based on diffusion weighted images; eR — effective reserve; ICV — intracranial volume;

mRS — modified Rankin Scale; SBP — systolic blood pressure; WMHv — white matter hyperintensity volume
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Model evaluation

Model parameters are estimated using the publicly available R package LAVAAN [27] for
SEM estimation and path analysis without priors, using a maximum likelihood estimator
with robust errors (MLR). The estimated path coefficients provide information on the
magnitude and significance of the by the model hypothesized causal relationship between
variables. After the estimation of the full model, non-significant factors/connections are
eliminated resulting in a simplified model. It is common practice to use multiple statistical
criteria to assess the model fit in SEM and to determine which model (full/simplified) best
describes the data. In this work, these criteria (abbreviation; sign of a good model fit) are
chi-square (*; low values, non-significant p-values), normed and comparative fit index
(NFI/CFI; values greater than 0.95), root mean square error of approximation (RMSEA;
values smaller than 0.5), Akaike information criterion for comparing models (AIC; smaller
values indicate better fit) and Hoelter’s critical n (HCN; values greater than 200). Figure
1 describes the purpose of each of these measures. For a general overview and discussion

of these metrics, see e.g. Kline[10].
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Table 1: Assessment of model criteria for both full and the simplified model of post-

stroke outcome.

Simplified
Criterion Meaning Full model
model

Assesses magnitude of difference
i 7.45 (p>0.38) 7.59 (p>0.37)
between the model and the data

Compares y> of the model to the
NFI/CFI “worst case scenario” (null hypothe- 0.96/1.00 0.96/1.00
Sis)
Estimates how well the model fits
RMSEA 0.02 0.01
the population covariance matrix
Measure of relative quality of the

AlIC 14530.14 14530.30
models, given the data

HCN (al-
Indicative of adequate sample size  856.93 840.99
pha=0.05)

Abbreviations: AIC — Akaike information criterion; HCN — Hoelter’s critical n; NFI/CFI — normed/comparative fit index; RMSEA —

root mean square error of approximation

Using the selected model, we first investigate the stability of the parameter estimation of
the SEM model. In order to do so, we apply a 20-fold cross-validation, where the data are
split in 20 approximately equally sized subsets and subsequently re-estimate the model
based on 19 of those subsets. This is repeated 20 times and each time the estimated path-

coefficients are recorded. Given the distribution for each parameter, we calculate the
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coefficient of variation as a summary measure.
Using the same 20-fold cross-validation approach, we estimate the parameters of the
function given by equation (1) based on 19 folds. This allows us to estimate eR without
inclusion of mRS on the remaining fold. Subsequently, we use the selected model and
calculate the mRS score:
MRS,z ~ eR + In(WMHv) + In(DW1v). (2)

As a comparison, we use a linear model with the same folds where all observed variables
(ICV, Age, SBP, WMHv and DW1v) directly relate to mRS (without introducing eR in the
model):

MRS inear ~ ICV + Age + SBP + In(WMHv) + In(DW1v). (3)
We then compare correlation coefficients between the observed mRS score and the
estimates from equations (2) and (3) to evaluate the benefits of the added latent variable,
i.e. eR.
Analysis of hypertension status
Additionally, we use hypertension status (binary yes/no) in our data set as a proxy of the
overall vascular health, where we assume better vascular health in those not exposed to
long-term effects of hypertension (i.e., non-hypertensive patients), and investigate its
relationship with eR. For this, we compare both groups with respect to the group-specific

eR estimates produced by our model.

Results

Baseline characteristics and stroke outcome of this cohort are summarized in Table 2. Here,
non-hypertensive patients are on average older than hypertensive patients (72.0 years vs

64.4 years; p<0.001), while no difference in outcome is observed between these groups.
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Weak to moderate correlations are seen between most measures used in our model (Table

3).

Table 2: Baseline characteristics and functional outcome of 453 acute ischemic stroke

patients.
All subjects Hypertensive Non-hypertensive
Number of patients 453 311 70
Sex, n (%) male 165 (36.4) 121 (39.0) 24 (34.3)
Age (years)*** 66.6 (55.7-77.6) 64.4 (55.7-77.6) 72.0 (47.7-73.6)
ICV (cm?)* 15.3 (14.5-16.1) 15.3 (14.3-15.9) 15.2 (14.4-17.2)
Admission SBP
148.0 (132.0-169.0)  148.0 (138.0-175.0)  148.5 (126.5-157.8)
(mmHg)**=*
IN(WMHv), (mm3)* 1.7 (1.0-2.8) 1.5(1.1-2.8) 1.9 (0.9-2.4)
In(DWI1v), (mm?3) 0.8 (-0.5-2.5) 0.7 (-0.4-2.3) 1.0 (-0.5-2.9)
mRS [0-6] 1(0-2) 1(0-3) 1(0-2)

Each biomarker is reported as median (interquartile range). *: p<0.05; **: p<0.01; ***: p<0.001 for a test of differences between

hypertensive and non-hypertensive groups.

Abbreviations: DWIv — acute lesion volume based on diffusion weighted images; ICV — intracranial volume; In — natural logarithm;

mRS — modified Rankin Scale; SBP — systolic blood pressure; WMHv — white matter hyperintensity volume
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Table 3: Spearman correlation coefficients between clinical variables used in the

model.
ICV IN(WMHv) In(DWIv) SBP MRS
Age -0.24%** 0.51*** -0.02 0.22%** 0.11*
ICV -0.10* -0.01 -0.14** 0.02
In(WMHyv) 0.02 0.20*** 0.08
In(DWIv)  -0.05 0.11*
SBP -0.02

*: p<0.05; **: p<0.01; ***: p<0.001
Abbreviations: DWIv — acute lesion volume based on diffusion weighted images; ICV — intracranial volume; In — natural logarithm;

mRS — modified Rankin Scale; SBP — systolic blood pressure; WMHv — white matter hyperintensity volume

Model estimation

Figure 2 shows the full and the simplified model, including their path coefficients with
corresponding significance. Model parameters of the full model (left) imply that age and
SBP negatively affect eR (path coefficients of -0.77 (p<0.01) and -0.29 (p<0.05),
respectively), whereas ICV has a positive impact (p<0.01; path coefficient of 0.32).

The model exhibits significant positive association between SBP and WMHYv (p<0.05; path
coefficient of 0.09), and between age and WMHv (p<0.001; path coefficient of 0.46).
DWIv was significantly associated with mRS (p<0.05; path coefficient of 0.13). Moreover,
eR was negatively associated with mRS (p<0.05; path coefticient of -0.16), suggesting that

a higher value of eR results in a lower value of mRS, reflecting a better outcome.
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Figure 2: SEM with estimated association using path analysis.

Full model
ICW DWW
0.32 £ 0.03** 0.13 = 0.01#
L 2
016 + 0,02
eR # MRS
F 3
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Age SEP H,I;}_._h 9 + 0.01*
. R
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Statistical significance is indicated for each parameter (*: p<0.05; **: p<0.01; ***: p<0.001). Based on the non-significant link

between WMHv and mRS, we exclude this link for a simplified model.
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Abbreviations: DWIv — acute lesion volume based on diffusion weighted images; eR — effective reserve; ICV — intracranial volume;

mRS — modified Rankin Scale; SBP — systolic blood pressure; WMHv — white matter hyperintensity volume

The full model suggests that there is no direct relationship between WMHv and mRS

(p>0.05; path coefficient of 0.03). In a simplified model without this link (Figure 2; right),

path coefficients are nearly identical to those of the full model (on average the change is

less than 5%) and statistical significance remains the same or improves (p<0.01 for both

path coefficients between eR and mRS and between eR and SBP, compared to p<0.05 in

the full model).

Model selection

When assessed by the model evaluation criteria, the two models (full versus simplified)
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did not differ (Figure 1). Based on these results and the parsimony principle, we selected
the simplified model for the remainder of our analysis.

Utilizing the 20-fold cross-validation, the absolute value of the coefficient of variation was
on average below 8% (averaged over all parameters; see Figure 2). Comparison of the
observed mRS and each model’s estimate show that the calculated correlation coefficients
were higher (mean + SD; Fisher z-transformation p<0.001) for the model that incorporates
eR (p=0.29+0.18; mRS_;) versus that of a linear baseline model

(p=0.15%0.17, MRS, inear)-

Analysis of hypertension status
There was statistical group difference in eR between non-hypertensive and hypertensive
patients (Wilcoxon rank sum test p<10®), where the non-hypertensive group exhibited

higher eR.

Discussion

BR has been proposed as a concept that corresponds to the brain’s capacity to withstand
insults, and it has been shown to co-vary with WMHYyv [9]. In this analysis, we demonstrated
that a latent construct, referred to as eR, may act as a surrogate measure of such a protective
mechanism in AIS patients with regard to functional outcomes, i.e., higher eR is associated
with a lower 90-day mRS. Moreover, the relatively low calculated coefficients of variation
suggest that our model parameter estimations are stable, and that, based on correlations
between estimated and observed mRS, the model which incorporated eR describes the data
better than the baseline linear model. Furthermore, by splitting the stroke cohort into
hypertensive and non-hypertensive patients, we demonstrated significant group differences

with respect to their estimated measure of eR (higher eR in the non-hypertensive group).
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This supports the interpretation that eR may reflect a better ability to compensate for
changes in vascular health, as approximated by hypertension status, or even a general
protective mechanism.

Our results show that most input variables in our model are weakly to moderately
correlated among each other. In spite of the correlation between WMHv and mRS in the
data (p=0.1, p<0.05; Table 3), however, our full model did not indicate a significant direct
association between the two. This is in contrast to other findings in the literature [11].
However, Brickman et al.[9] showed that their BR construct co-varied with WMHv while
controlling for “outcome”, which means that it is more likely to see high WMHv in a
patient with higher BR. In addition, our analysis suggests a slight, although insignificant,
improvement when excluding the WMHyv link to mRS. Therefore, it may be possible that
the significant association between WMHyv and mRS outcome score may be an observed
effect of the association between eR and mRS instead. This might also suggest that eR
mediates the previously observed correlations between WMHv and mRS or the other way
around. Future studies are therefore warranted to disentangle this relationship.

We note that the path coefficient between age and eR, as shown in Figure 2, was estimated
with approximately twice the amplitude, compared to ICV and SBP. Similarly to the
correlations with other observed variables (Table 3), age seems to be the strongest
modifying factor for eR. The high negative impact may be representative of the amount of
insult to human brains from which the brain has to recover over the lifespan. An
investigation where patients are matched by age would be of interest and presents an
interesting venue for future large scale studies.

Furthermore, we found a negative association between age and ICV (Table 3). This
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relationship may at first not seem intuitive for an adult cohort, as ICV has been shown to
remain constant across age[28]. Moreover, the correlation persists after accounting for
differences in sex (Spearman’s p -0.17, p<<0.001). Considering that this is a cross-sectional
study, one explanation could be a secular change in ICV [29]. Further studies are warranted
to determine its origin.

There is a number of limitations to the presented study design. In this work, we used mRS,
the most commonly used measure for stroke outcome in the literature [14]. However, it has
been criticized for its inter-observer variability [30]. Moreover, mRS is not a continuous
variable, which is one of the assumptions in the presented SEM model and most likely
results in lower statistical significance in our analysis. This could further explain the
observed non-significance between WMHv and mRS in our model. Adjusting the SEM
software to accept ordinal variable classes could further improve future studies.
Additionally, mRS summarizes differences in patients in predefined categories and is
heavily weighted for motor function and ambulatory status. Using an outcome metric,
which reflects more subtle functional differences, may further help improve the model and
the investigation of eR as a protective mechanism in AIS.

The SEM approach models the shared variance between observations and can be used to
estimate latent variables, for which no direct measurements exist, but its effects may be
seen through other (indirect) measurements[10]. One of the strengths of SEM is grounded
in its suitability for data with measurement errors or variability (e.g., inter-rater variations)
or incomplete measurements (not all variables may be present in all subjects; [10]), which
may be the case in clinical data. However, SEM is hypothesis-driven and is therefore not

suitable for model generation, as each model relies heavily on experts to specify the links
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between the variables. Moreover, the more complex the model, the more data are required
for it to converge and give an appropriate estimate of the relations within the model. The
results in Table 1 (HCN) suggest that we have enough data to estimate each model
parameter appropriately. However, the sample size limits the complexity and future
directions, which can be taken using the current dataset. As an example, one bias in our
results may be that we did not differentiate between male and female patients. It has been
shown in the literature that many clinical variables are highly correlated with the sex of the
patient [31], making this an interesting aspect of future work. However, in order to estimate
the effects of sex on the estimated model parameter, which would require splitting the data
and fitting an SEM model to each subset, a larger dataset is necessary.

In summary, we have introduced the concept of eR and have shown that it is inversely
associated with functional post-stroke outcome, suggesting eR can be used as a descriptor
of protective mechanisms in AIS patients. In particular, it may be representative of the
vascular health and could therefore be of interest for future research and clinical

applications.

Acknowledgements

This study was supported by the NIH—National Institute of Neurological Disorders and
Stroke (K23NS064052, ROINS082285, and ROINS086905), American Heart
Association/Bugher Foundation Centers for Stroke Prevention Research, and Deane

Institute for Integrative Study of Atrial Fibrillation and Stroke.


https://doi.org/10.1101/192823
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/192823; this version posted September 23, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the prepg'eH”Hqg}eg{tmlt_islr?ade available
under aCC-BY 4.0 International license. '

References

1 Di Carlo A. Human and economic burden of stroke. Age Ageing 2009;38:4-5.

2 Stern Y. Cognitive reserve and Alzheimer disease. Alzheimer Dis Assoc Disord
2006;20:112—-117.

3 Sumowski JF, Rocca MA, Leavitt VM, et al. Brain reserve and cognitive reserve in
multiple sclerosis What you’ve got and how you use it. Neurology 2013;80:2186-2193.

4 Sumowski JF, Rocca MA, Leavitt VM, et al. Brain reserve and cognitive reserve
protect against cognitive decline over 4.5 years in MS. Neurology 2014;82:1776—1783.

5 Satz P. Brain reserve capacity on symptom onset after brain injury: a formulation and
review of evidence for threshold theory. Neuropsychology 1993;7:273.

6 Valenzuela MJ, Sachdev P. Brain reserve and dementia: a systematic review. Psychol
Med 2006;36:441-54.

7 Christensen H, Anstey KJ, Parslow RA, ef al. The brain reserve hypothesis, brain
atrophy and aging. Gerontology 2006;53:82-95.

8 Stern Y. What is cognitive reserve? Theory and research application of the reserve
concept. J Int Neuropsychol Soc 2002;8:448—-460.

9 Brickman AM, Siedlecki KL, Muraskin J, et al. White matter hyperintensities and
cognition: testing the reserve hypothesis. Neurobiol Aging 2011;32:1588-98.

10 Kline RB. Principles and practice of structural equation modeling. Guilford
publications 2015.

11 Debette S, Markus H. The clinical importance of white matter hyperintensities on brain
magnetic resonance imaging: systematic review and meta-analysis. Bmj
2010;341:c3666.

12 Counsell C, Dennis M. Systematic review of prognostic models in patients with acute
stroke. Cerebrovasc Dis 2001;12:159-70.

13 Umarova RM. Adapting the concepts of brain and cognitive reserve to post-stroke
cognitive deficits: Implications for understanding neglect. Cortex 2016.

14 Quinn T, Dawson J, Walters M, et al. Functional outcome measures in contemporary
stroke trials. Int J Stroke 2009;4:200-5.

15 Sorensen AG, Wu O, Copen WA, et al. Human Acute Cerebral Ischemia: Detection of
Changes in Water Diffusion Anisotropy by Using MR Imaging 1. Radiology
1999;212:785-92.


https://doi.org/10.1101/192823
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/192823; this version posted September 23, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the prepg'eH”Hqg}eg{tmlt_islrgade available
under aCC-BY 4.0 International license. '

16 Rost N, Rahman R, Biffi A, ef al. White matter hyperintensity volume is increased in
small vessel stroke subtypes. Neurology 2010;75:1670-7.

17 Ferguson K, Wardlaw J, Edmond C, et al. Intracranial area: a validated method for
estimating intracranial volume. J Neuroimaging Off J Am Soc Neuroimaging
2005;15:76.

18 Press WH, Teukolsky SA, Vetterling WT, et al. Numerical recipes in C. Cambridge
university press Cambridge 1996.

19 Harrell Jr FE. Hmisc: harrell miscellaneous. R Package Version 2008;3:4—4.

20 Wolf H, Julin P, Gertz H-J, ef al. Intracranial volume in mild cognitive impairment,
Alzheimer’s disease and vascular dementia: evidence for brain reserve? Int J Geriatr
Psychiatry 2004;19:995-1007.

21 Nakayama H, Jorgensen H, Raaschou HO, et al. The influence of age on stroke
outcome. The Copenhagen Stroke Study. Stroke 1994;25:808—-813.

22 Breteler M, Van Swieten J, Bots M, ef al. Cerebral white matter lesions, vascular risk
factors, and cognitive function in a population-based study The Rotterdam Study.
Neurology 1994;44:1246—-1246.

23 Longstreth W, Manolio TA, Arnold A, et al. Clinical correlates of white matter findings

on cranial magnetic resonance imaging of 3301 elderly people. Stroke 1996;27:1274—
1282.

24 Jeerakathil T, Wolf PA, Beiser A, et al. Stroke risk profile predicts white matter
hyperintensity volume the framingham study. Stroke 2004;35:1857-61.

25 Dufouil C, de Kersaint—Gilly A, Besancon V, et al. Longitudinal study of blood
pressure and white matter hyperintensities The EVA MRI Cohort. Neurology
2001;56:921-6.

26 Thijs VN, Lansberg MG, Beaulieu C, et al. Is early ischemic lesion volume on
diffusion-weighted imaging an independent predictor of stroke outcome? A
multivariable analysis. Stroke 2000;31:2597-602.

27 Rosseel Y. lavaan: An R package for structural equation modeling. J Stat Softw
2012;48:1-36.

28 Matsumae M, Kikinis R, Morocz IA, et al. Age-related changes in intracranial
compartment volumes in normal adults assessed by magnetic resonance imaging. J
Neurosurg 1996;84:982-91.

29 Jantz RL, Jantz LM. The remarkable change in Euro-American cranial shape and size.
Hum Biol 2016;88:56—64.


https://doi.org/10.1101/192823
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/192823; this version posted September 23, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the prepg'eH”Hqg}eg{tmlt_islrgade available
under aCC-BY 4.0 International license. '

30 Quinn TJ, Dawson J, Walters MR, et al. Reliability of the modified Rankin Scale.
Stroke 2007;38:¢144—e144.

31 Di Carlo A, Lamassa M, Baldereschi M, er al. Sex differences in the clinical
presentation, resource use, and 3-month outcome of acute stroke in Europe data from
a multicenter multinational hospital-based registry. Stroke 2003;34:1114-9.


https://doi.org/10.1101/192823
http://creativecommons.org/licenses/by/4.0/

