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Abstract

OBJECTIVE—While there is a long history of interest in measuring brain growth, as of yet there
is no definitive model for normative human brain volume growth. The goal of this study was to
analyze a variety of candidate models for such growth and select the model that provides the most
statistically applicable fit. The authors sought to optimize clinically applicable growth charts that
would facilitate improved treatment and predictive management for conditions such as
hydrocephalus.

METHODS—The Weibull, two-term power law, West ontogenic, and Gompertz models were
chosen as potential models. Normative brain volume data were compiled from the NIH MRI
repository, and the data were fit using a nonlinear least squares regression algorithm. Appropriate
statistical measures were analyzed for each model, and the best model was characterized with
prediction bound curves to provide percentile estimates for clinical use.

RESULTS—Each model curve fit and the corresponding statistics were presented and analyzed.
The Weibull fit had the best statistical results for both males and females, while the two-term
power law generated the worst scores. The statistical measures and goodness of fit parameters for
each model were provided to assure reproducibility.

Correspondence: Steven J. Schiff: The Pennsylvania State University, University Park, PA. sschiff@psu.edu.

Disclosures
The authors report no conflict of interest concerning the materials or methods used in this study or the findings specified in this paper.

Author Contributions

Conception and design: Schiff, Warf. Acquisition of data: Peterson. Analysis and interpretation of data: Schiff, Peterson. Drafting the
article: Schiff, Peterson. Critically revising the article: all authors. Reviewed submitted version of manuscript: all authors. Approved
the final version of the manuscript on behalf of all authors: Schiff. Statistical analysis: Schiff, Peterson. Study supervision: Schiff.

Supplemental Information

Online-Only Content

Supplemental material is available with the online version of the article.
Supplemental Material. https://thejns.org/doi/suppl/10.3171/2017.10.PEDS17141.

Previous Presentations
This work was presented in Mallory Peterson’s senior honors thesis at The Pennsylvania State University under the same title.


https://thejns.org/doi/suppl/10.3171/2017.10.PEDS17141

1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Peterson et al. Page 2

CONCLUSIONS—The authors identified the Weibull model as the most effective growth curve
fit for both males and females. Clinically usable growth charts were developed and provided to
facilitate further clinical study of brain volume growth in conditions such as hydrocephalus. The
authors note that the homogenous population from which the normative MRI data were compiled
limits the study. Gaining a better understanding of the dynamics that underlie childhood brain
growth would yield more predictive growth curves and improved neurosurgical management of
hydrocephalus.

Keywords
allometric; Weibull; West ontogenic; power law; volumetric; hydrocephalus

IN the neurosurgical treatment of childhood hydrocephalus, diversion or drainage of
cerebrospinal fluid is performed. Although the focus is on fluid accumulation, it is brain
growth that has been shown to importantly correlate with neurocognitive development in the
treatment of infants with myelomeningocele.19 A randomized clinical trial contrasting
surgical treatments of postinfectious hydrocephalus is currently underway
(ClinicalTrials.gov registration number NCT01936272), wherein brain volumes are being
followed as secondary outcome measures and correlated with neurocognitive development.1’
Although such efforts point to the potential value of tracking brain volume in the
management of childhood hydrocephalus, as of yet there are no existing clinical brain
growth charts suitable for the management of such cases. In this study, we seek to create
such growth curves. Since this is an area of active research, we propose to create such charts
at this stage to facilitate clinical research trials. Our expectation is that if brain volumes are
validated as useful in managing hydrocephalus in clinical trials, brain growth charts could
constitute a useful tool for routine clinical use.

The most commonly used growth metric for children with hydrocephalus is the head
circumference chart. These standard charts were generated using smoothed growth curves
that had been fit to a family of mathematical functions using a nonlinear iterative method.24
While this technique resulted in extremely smooth curves that represent the input data
respectfully, it bears little biological relevance. Our conjecture is that normative brain
growth provides a predictive target for managing conditions such as hydrocephalus, and as
such, it serves as a model of age-dependent brain growth much as a map serves navigation
targets. If so, then such a model can be incorporated into the sophisticated machinery of
model-based control in engineering.28 Although empirical models can be very effective in
such strategies, it is best to seek fundamental models that reflect the underlying biology as
they may be the most predictive for new out-of-training-sample data and offer a route to
improve understanding of the pathophysiology.

In previous work, we characterized normative versus hydrocephalic brain volume growth
curves in mice.2! In that work, normative brain volume growth data from healthy mice were
fit with a natural log least squares curve over time. This curve could then be compared with
mice with induced hydrocephalus, and different growth patterns were identified.2!

We subsequently compiled normative brain volume growth data for humans using the NIH
repository of normal pediatric brain MRI.2 The resulting data were fit with a one-term power
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law based on the common use of the power law in the literature on biological allometric
growth. The normative volumes were validated using historical imaging and postmortem
data, and the power law goodness of fit was quantified using a coefficient of determination.
20 Furthermore, the shapes of the curves were contrasted to those of smoothed growth curves
for human head circumference.24

Seeking a more fundamental basis for creating brain growth curves, we chose to study a
variety of methods that have shown connection to biological growth, as well as several
empirical methods that have been used in biological growth studies. Our goal was to select
clinically usable brain growth curves with confidence limits similar to those of the existing
clinically applied head circumference curves. We found that at least one of the prominent
biologically based growth models (West model) may not be as good as an older growth
model (Weibull) for accounting for early childhood brain growth. Our aim is to prepare
charts for employing such curves in clinical trials, such as in predictive management of
patients with hydrocephalus.

Compilation of Normative Data

With oversight from the Penn State institutional review board (under exemption 27423EM,
required by the NIH repository image guidelines), normative brain volume data were
determined using MRI scans from the NIH Pediatric MRI Data Repository assembled by the
Montreal Neurological Institute (https://pediatricmri.nih.gov/nihpd/info/index.html). This
database consists of MRI studies of subjects representative of the US population with
respect to sex, socioeconomic status, and race/ethnicity. Extensive screening and exclusion
criteria were present to exclude intrauterine risk factors, abnormal neurological
examinations, family history, behavioral or cognitive abnormalities, and other physical
abnormalities.8 Mandell et al. calculated 64 brain volumes from this database by employing
a particle filter-based image segmentation algorithm.20

Candidate Models Fit to the Normative Data

To determine the best curves for representing normative brain growth, we focused on models
that have been previously successfully applied to biological growth data, comparing a two-
term power law, a Gompertz model, a Weibull model, and the West ontogenic model as
shown in Table 1.3:18:31

Power Law—A power law is one where two quantities change in proportional amounts,
regardless of their initial values, but with one of the quantities raised to an exponential
power. Growth power laws have a long precedence in allometric growth modeling,14 yet in
this present instance a one-term power law was not deemed applicable. At the initiation of
the growth curves, the one-term power law implied that the brain volume would be zero,
which is not true at birth because of brain growth during gestation.1? Therefore, a two-term
power law fit must be the minimum required for normative brain growth after delivery,
accounting for brain volume at birth. In addition, volumetric brain size peaks during the 2nd
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decade, which is not reflected in the endlessly growing power law.2% Therefore, other
options had to be explored.

Gompertz—The Gompertz distribution was originally described to fit survivals and was
instrumental in the early development of the insurance industry. Its cumulative distribution
can be parameterized to have an S-shaped curve and fit animal growth. Such parameters
have been used to compare growth rates between species such as the 7yrannosaurus rex,
Diomedia exulans (albatross), and Loxodonta africana (African elephant).23 The Gompertz
distribution can also model the slowing of tumor growth with necrosis such as in gliomas.2’
It has also been successfully used to track the growth of myelinated white matter in the brain
of young children.?

Weibull—The Weibull function’s cumulative distribution can also be parameterized to
produce an S-shaped curve. Weibull3? initially designed this function to model chain failure,
which occurs when any member of the chain links fail. It is thus used in hazard and survival
analysis, but it can also model growth since an ensemble grows when any member grows or
divides. Weibull also recognized that his function could be fit to the height distribution of
boys.30

West—The West et al. model of ontogenic growth3! was introduced as a fundamental
model of organism (and organ) growth based upon cell division and the energy requirements
for cellular maintenance and division. It has been shown to fit the growth of a wide variety
of animal species. Nevertheless, we note that the postnatal human brain does not grow as a
simple function of neuronal division, since most neurons are present at birth. Furthermore,
we note that West et al. projected that it is the imbalance of supply (capillaries) and demand
(number of cells) within an organ or organism that fundamentally limits growth, and that
growth over time for an organism bears a consistent exponential relationship to final size.
We therefore anticipate that the human brain might be exceptional in this regard vis-a-vis
other organ systems due to its exceptional metabolic demand per unit mass.

Curve-Fitting Procedures

Once appropriate models had been established as potential fits for the normative data, it was
possible to fit the models to the data using a curve-fitting algorithm (cftool, Matlab, The
MathWorks). We applied nonlinear least squares regression and a trust-region algorithm
critical to evaluating the curve-fitting fidelity.

Statistical Measurements Used for Analysis

To establish quantitative measures for ranking the models, statistical calculations were
performed as described in detail in Table 2. All of the statistical measures provided insight
into the applicability of each model. Note that the Akaike information criterion goes further
than simply evaluating how well a model accounted for the data by penalizing the fit by the
complexity (number of variables) in the model .1
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Defining Prediction Bounds and Percentiles

Results

Upon analyzing the statistical measures calculated in this study, we sought the optimal curve
that best represented the data. To provide clinical applicability, the male and female growth
models were characterized with percentiles. To develop these percentiles, we defined
prediction bounds dependent upon confidence limits. We employed the confidence bound
statistical algorithms in the curve fitting routines from Matlab. In particular, the confidence
limits were determined by applying the formula

C=b+t/S,

where b represents the initial goodness of fit coefficient, Cis the new confidence level
coefficient, Sis the vector of diagonal components from estimated covariance matrix of the
coefficient estimates (X7 X)~12, where T represents transpose, z represents the mean
squared error, and Xis the Jacobian matrix of the fitted values with respect to the
coefficients b. The variable ¢zis reliant on the confidence level and is found using the inverse
of the cumulative Student t-distribution function. The prediction bound curves are then
developed by applying

y+t mSmT,

where yis the model fit and m is a row vector of the Jacobian determined at a specific
predictor value, and the percentiles are established by setting the initial model fit as the
mean of the standard deviation curve.*6

Curve Fit Models

The various models were fit to the brain growth data from birth to the age of 18 years for
both males and females. These global fits resulted in the plots for the Weibull models, West
ontogenic models, Gompertz models, and two-term power law models shown in Fig. 1. The
insets in these plots are the residual errors that describe the difference between the model
and the data at each point. For both sexes, all of the models show rapid growth within the
first 2 years, and then the growth rate rapidly decreases. For the West ontogenic, Weibull,
and Gompertz models, a stationary asymptote is reached. It is only the two-term power law
that continues to show slow yet consistent growth up until and beyond age 18 years.

Statistical Analysis

Statistical measures were calculated for each model as shown in Table 3. The Weibull model
gives the best statistical fits for the male and female data. The two-term power law gives the
worst fits. Since human brain volume reaches a peak in the 2nd decade of life, a power law
fit may have limited applicability beyond the early childhood period of rapid brain
development.20
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Weibull Clinical Curves

To achieve the objectives of this paper, the Weibull fits were plotted as clinically usable
female and male growth charts displaying the Weibull model with percentiles in Fig. 2. The
supplementary material for this report (available online) contains high-resolution images of
the plots in Fig. 2 for printing, as well as a MATLAB algorithm that permits the user to
change the percentiles or axis limits as desired to customize these growth charts for clinical
study use.

Model Parameters

For reproducibility purposes, the best-fit model parameters are presented in Table 4.

Discussion

Brain growth has often been studied in relation to whole body growth, and there is a long
history of comparative but static measurements of brain size.12 In 1897, Eugéne Dubois
discussed the use of a power law relationship between the weight of the mammalian brain
and the weight of the body.® In his classic 1917 work On Growth and Form, D’ Arcy
Wentworth Thompson observed: “The changing ratio with increased magnitude is especially
marked in the case of the brain, which constitutes an eighth of the body-weight at birth, and
but one fiftieth at twenty-five.”28 Julian Huxley and Georges Teissier used the term
allometry in 1936 to define the relative changes in body part dimensions corresponding to
the overall growth of the body.15

Despite this long history of interest, there is still no definitive method for describing
normative brain volume growth. Moreover, the volumetric growth of the brain over time has
not received as much attention as has relative growth. And with respect to neurosurgery, the
dynamics of brain growth have not been a metric that has been used to guide surgical
management.

Mechanistic Versus Empirical Models

Empirical models, such as the human head circumference curves, have proven to be
invaluable in characterizing growth and for their clinical utility.

While “All models are wrong,”? it is important to acknowledge the value of a fundamental
mechanistic model.28 Although all of the models explored within this study are mechanistic
in principle, only the West ontogenic model3! has a strong biological basis.

Asymptotic Versus Continuous Growth

It is clear from Fig. 1 that the two-term power law represents a different growth pattern from
the other models. While the West ontogenic, Weibull, and Gompertz functions all show the
brain volume growth reaching a maximum value, the two-term power law shows continuous
growth throughout the entire age range. There are some animals, such as the Nile crocodile,
that continue to grow throughout life, and in those animals such a simple power law is a
superb fit to long-term brain growth.22 For the human brain, however, our statistical metrics
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reveal the worst applicability for the two-term power law, while the best overall statistical fit
belonged to the Weibull model.

The Weibull Model

Although Huxley’s power law is prominent in the literature as a model for biological
allometric growth, the Weibull model appears to be a better model for normative human
brain volume growth. Weibull introduced his model in 1951 as a general statistical
distribution that represents phenomena such as failure of “weakest links in the chain.”30 This
chain link failure principle has found much utility in survival analysis, because the
probability of not dying requires that one not have died of any one of many different causes
(e.g., tyrannosaur ageing23). Viewed from the reverse standpoint, an ensemble of elements
grows when any of its elements grow. The distribution follows an S-shaped sigmoidal curve,
and most growth in plants or animals follows such a qualitative sigmoid curve with an
inflection point.1® Weibull himself applied this distribution to a distribution of growth as
measured in heights of boys,3 and the Weibull growth function has found much success in
modeling growth from certain species (e.g., fast-growing mule ducks?®) but less so for
others (e.g., slow-growing California turkeys’).

We were surprised that the West ontogenic model did not fit brain growth as well as the
Weibull distribution.3! The West model was designed as a biologically based growth curve
and has shown great universality for body mass growth dynamics across a wide range of the
animal kingdom.32 One of the key elements in the West formulation is that the mass of the
body is a direct function of cell replication and the number of cells. However, neuronal
replication is largely completed by the time of birth, and postnatal brain growth results more
from synaptogenesis, axonal and dendritic sprouting, and myelination than from cellular
proliferation.® In addition, a key element of the West formulation for the brain is that the
relative relationship between capillary supply and cellular demand ultimately limits growth
in mammals. We speculate that the unique relationship between brain metabolic demand and
supply might further push the mammalian brain away from the basic assumptions of the
West model.

Study Limitations

The limitations of this study include a relatively small sample number and the fact that the
sample population consisted of a representative group of children from North America. Our
brain volumetrics were semiautomated, but we curated the results by hand to ensure that
each image was accurately segmented.2% Our findings should be followed up with research
on larger data sets as more automated approaches to brain volume determination render such
larger-scale studies increasingly feasible.

It would be useful to consider an alternative set of curves for brain volumes of individuals
who have been born prematurely,13 but to our knowledge there is no existing imaging
database of growth of such individuals. In addition, the normal growth curves of prematurely
born infants would need to be developed from uncomplicated clinical courses, without for
instance hemorrhagic stroke or ischemic damage to the brain. This would be an increasingly
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difficult task in terms of the most premature infants for whom such curves would be most
needed.

Another difficult task is how to best handle the congenital malformations associated with
hydrocephalus, such as spina bifida with myelomeningocele, frequently associated with
polymicrogyria, or aqueductal stenosis complicated by neuronal migration anomalies.16
Similarly, one might ask whether the ventriculomegaly associated with skeletal dysplasia,
such as achondroplasia,}1 might be better managed by the effect on normative growth if
normal growth could be defined for such syndromes. Our conjecture is that studying the
range of growth of such conditions in relationship to normal growth may be a way forward
to better define clinical management goals. Correlating such growth with neurocognitive
outcomel” might be a way to define optimal brain growth in the management of such
children. It is also of interest to consider whether geographical region-specific brain growth

curves would be advantageous to develop for applications to different regions of the world.
12,19

Conclusions

Since the Weibull model provided the best fit for male and female normative human brain
volume growth, we developed curves for clinical and research use (available at high-
resolution for printing, along with source code for further customizing the curves, in the
supplemental material). These curves provide a new tool for clinicians and researchers to
measure brain growth in clinical studies, and monitor growth along with treatment for
conditions such as hydrocephalus. We anticipate that further work will refine these model
fits, and their percentiles, and may lead to a standard tool for clinical rather than research use
when consensus curves are established.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgments

We gratefully acknowledge Dr. Jason Mandell for compilation of MRI NIH data, Dr. Paddy Ssentongo for advice
on the manuscript, and Michael MacDonald for expertise in segmentation algorithms. This work was supported by
the Penn State Schreyer Honors College, the Penn State Presidential Leadership Academy (M.P.), and NIH grant
1R01HDO085853 (S.J.S. and B.C.W.).

References

1. Akaike H. A new look at the statistical model identification. IEEE Trans Automat Contr. 1974;
19:716-723.

2. Almli CR, Rivkin MJ, McKinstry RC. The NIH MRI study of normal brain development
(Objective-2): newborns, infants, toddlers, and preschoolers. Neuroimage. 2007; 35:308-325.
[PubMed: 17239623]

3. Bajzer Z, Vuk-Pavlovic S. New dimensions in Gompertzian growth. J Theor Med. 2000; 2:307-315.

4. Box GEP. Science and statistics. J Am Stat Assoc. 1976; 71:791-799.

5. de Graaf-Peters VB, Hadders-Algra M. Ontogeny of the human central nervous system: what is
happening when? Early Hum Dev. 2006; 82:257-266. [PubMed: 16360292]

J Neurosurg Pediatr. Author manuscript; available in PMC 2018 November 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Peterson et al.

9.
10

11.
12.
13.

14.
15.
16.

17.

18.

19.

20.

21.

22.

23.
24,

25.

26.

27.

28.
29.

Page 9

. Draper NR, Smith H. Applied Regression Analysis. New York: Wiley; 1998. The general regression

situation; 135-148.

. Ersoy IE, Mendes M, Keskin S. Estimation of parameters of linear and nonlinear growth curve

models at early growth stage in California Turkeys. Arch Gefliigelk. 2007; 71:175-180.

. Evans AC. The NIH MRI study of normal brain development. Neuroimage. 2006; 30:184-202.

[PubMed: 16376577]

Gayon J. History of the concept of allometry. Am Zool. 2000; 40:748-758.

. Gong QY, Roberts N, Garden AS, Whitehouse GH. Fetal and fetal brain volume estimation in the
third trimester of human pregnancy using gradient echo MR imaging. Magn Reson Imaging. 1998;
16:235-240. [PubMed: 9621964]

Gordon N. The neurological complications of achondroplasia. Brain Dev. 2000; 22:3-7. [PubMed:
10761826]

Gould SJ. The Mismeasure of Man. New York: Norton; 1996.

Huppi PS, Warfield S, Kikinis R, Barnes PD, Zientara GP, Jolesz FA, et al. Quantitative magnetic
resonance imaging of brain development in premature and mature newborns. Ann Neurol. 1998;
43:224-235. [PubMed: 9485064]

Huxley JS. Problems of Relative Growth. London: Methuen; 1932.

Huxley JS, Teissier G. Terminology of relative growth. Nature. 1936; 137:7801-781.

Kahle KT, Kulkarni AV, Limbrick DD Jr, Warf BC. Hydrocephalus in children. Lancet. 2016;
387:788-799. [PubMed: 26256071]

Kulkarni AV, Schiff SJ, Mbabazi-Kabachelor E, Mugamba J, Ssenyonga P, Donnelly R, et al.
Endoscopic treatment versus shunting for infant hydrocephalus in Uganda. N Engl J Med. 2017;
377:2456-2464. [PubMed: 29262276]

Mahanta DJ, Borah M. Parameter estimation of Weibull growth models in forestry. Int J Math
Trends Technol. 2014; 8:157-163.

Mandell JG, Kulkarni AV, Warf BC, Schiff SJ. Volumetric brain analysis in neurosurgery: Part 2.
Brain and CSF volumes discriminate neurocognitive outcomes in hydrocephalus. J Neurosurg
Pediatr. 2015; 15:125-132. [PubMed: 25431901]

Mandell JG, Langelaan JW, Webb AG, Schiff SJ. Volumetric brain analysis in neurosurgery: Part 1.
Particle filter segmentation of brain and cerebrospinal fluid growth dynamics from MRI and CT
images. J Neurosurg Pediatr. 2015; 15:113-124. [PubMed: 25431902]

Mandell JG, Neuberger T, Drapaca CS, Webb AG, Schiff SJ. The dynamics of brain and
cerebrospinal fluid growth in normal versus hydrocephalic mice. J Neurosurg Pediatr. 2010; 6:1—
10. [PubMed: 20593980]

Ngwenya A, Patzke N, Spocter MA, Kruger JL, Dell LA, Chawana R, et al. The continuously
growing central nervous system of the Nile crocodile (Crocodylus niloticus). Anat Rec (Hoboken).
2013; 296:1489-1500. [PubMed: 23832836]

Ricklefs RE. Tyrannosaur ageing. Biol Lett. 2007; 3:214-217. [PubMed: 17284406]

Roche AF, Mukherjee D, Guo SM, Moore WM. Head circumference reference data: birth to 18
years. Pediatrics. 1987; 79:706-712. [PubMed: 3575026]

Sadeghi N, Prastawa M, Fletcher PT, Wolff J, Gilmore JH, Gerig G. Regional characterization of
longitudinal DT-MRI to study white matter maturation of the early developing brain. Neuroimage.
2013; 68:236-247. [PubMed: 23235270]

Schiff SJ. Neural Control Engineering: The Emerging Intersection between Control Theory and
Neuroscience. Cambridge, MA: MIT Press; 2012.

Swanson KR, Bridge C, Murray JD, Alvord EC Jr. Virtual and real brain tumors: using
mathematical modeling to quantify glioma growth and invasion. J Neurol Sci. 2003; 216:1-10.
[PubMed: 14607296]

Thompson DW. On Growth and Form. New York: Dover Publications; 1992.

Vitezica ZG, Marie-Etancelin C, Bernadet MD, Fernandez X, Robert-Granie C. Comparison of
nonlinear and spline regression models for describing mule duck growth curves. Poult Sci. 2010;
89:1778-1784. [PubMed: 20634537]

J Neurosurg Pediatr. Author manuscript; available in PMC 2018 November 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Peterson et al. Page 10

30. Weibull W. A statistical distribution function of wide applicability. J Appl Mech. 1951; 18:293—
297.

31. West GB, Brown JH, Enquist BJ. A general model for ontogenetic growth. Nature. 2001; 413:628—
631. [PubMed: 11675785]

32. West GB, Woodruff WH, Brown JH. Allometric scaling of metabolic rate from molecules and
mitochondria to cells and mammals. Proc Natl Acad Sci U S A. 2002; 99(Suppl 1):2473-2478.
[PubMed: 11875197]

J Neurosurg Pediatr. Author manuscript; available in PMC 2018 November 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Peterson et al. Page 11

Weibull West
1500 = s - . . — : ; )
A 3 ¢ B , 8
@ ,,-—---"a_______Rﬁual Error & =
Sl A4 o IR 3]
g a/ ° qg’ o:.h : ; : | B ° [ gs . ° 1
% B -g v S . E o 0g-* e.; 5 s'
> f ® . . ° 21
» sog ¢ '_gs_e'. = r A i
1]
E 500 ¢ . Gompertz
@ 0
§ I
) fo 0 om_'
£ 1000 /o
3 ] -gs
o] oii-§o s
> 3 | 3 8
500 L / "5! Y
N Weibull
1500 - E
T -
— 0 0 200
2o, 8 L RIECISN ¢ et
2 o0 ng ° o} 3 0_.'° Og
0 0 0 .8 3 N q BROR N 0
> _.0 0 » : ol 0 o 8 o o1
500 |8 ' @ 0.8 e O
2 : Gompertz
= 0
= 1500-G 8 j
é\ a B a
. /a/ﬂf 6 ;
& Ko w -
0 / L |
1000- § Jg
5 o0 PRI :
g g .m.o o g : @ o
i B 5 Ly P i -
Q
0 1000 2000 3000 4000 5000 6000 0 1000 200 3000 4000 5000 6000
Age (days) Age (days)
FIG. 1.

Normative model curve fits. The gpen circles represent different brain volumes at different
ages. The curves fit to these data represent the models described above each plot. A-D
represent female models, while E-H represent male models. The /insets in each plot are the
residual errors describing the difference between the model and the data at each point.
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FIG. 2.
Weibull growth charts. The Weibull curve fits for the NIH female and male normative data

are shown in this figure as growth charts. High-resolution versions are available in the
supplementary material, along with a modifiable software code.
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TABLE 1
Candidate normative brain growth models
Model Equation Variables
Two-term power law V= at® + ¢ V = volume
t=time

a, b, ¢ = best-fit parameters

Gompertz V = volume
_e(bc/a)(d -H+1 t = time
e a, b, ¢, d = best-fit parameters

Weibull V = volume
—bt¢ t=time
V=V, -ae a, b, ¢ = best-fit parameters
Vp, = maximum volume

West ontogenic 1 V = volume
= 4 t=time
Vi |a| —at/4Vi, 117 o = best-fit parameter
d Vp, = maximum volume
V; = initial volume

m

Each of the 4 models explored in this study, the two-term power law and the Gompertz, Weibull, and West ontogenic models, are described in this

table. Their respective equations and corresponding parameters and variables are shown. In this paper all volumes, V, are calculated in cmS.
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TABLE 2
Statistical measures for model evaluation
Statistical Measure Equation Variables
Sum of squared errors (SSE) ’ y; = sample value
SSE = Z (yi - yi) i = predicted sample value
Akaike information criterion (AIC) S = parameter number
AIC =2S+N ln(SISVE)] N = sample number

Total sum of squares (SST)

ss7= 20,5

y; = sample value
y = sample mean

Coefficient of determination (R?)

Adjusted coefficient of determination (Rzadj)

R2? =1 — SSE/SST
2 . [N=1](SSE
Rogi=1 N—p](SST

)

p = total number of explanatory variables
N = sample number

Root mean square error (RMSE)

y; = sample value

RMSE = Z (yi - yi)Z/N Ji = predicted sample value

N = sample number

Each statistical measure used is described, as well as the corresponding variables and parameters.
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TABLE 4

Best-fit parameters

Model Parameters a b c d

Gompertz female 1300 114 0.342 -305

Gompertz male 1300 13.3 0.338 —305

Two-term power law female 126 0.224 450

Two-term power law male 165 0.209 440

Weibull female 917 0.029 0.595

Weibull male 975 0.014 0.711

West ontogenic female 0.058

West ontogenic male 0.066

Page 16

The parameters a, b, ¢, and d are shown, representing the optimally fit coefficients determined for each model fitting the brain volume as in Table 1.
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