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Abstract

Statistical properties such as distribution and correlation signatures were investigated using a
temporal database of common neurodevelopmental events in the three species most frequently used
in experimental studies, rat, mouse, and macaque. There was a fine nexus between phylogenetic
proximity and empirically derived dates of the occurrences of 40 common events including the
neurogenesis of cortical layers and outgrowth milestones of developing axonal projections.
Exponential and power-law approximations to the distribution of the events reveal strikingly similar
decay patterns in rats and mice when compared to macaques. Subsequent hierarchical clustering of
the common event timings also captures phylogenetic proximity, an association further supported
by multivariate linear regression data. These preliminary results suggest that statistical analyses of
the timing of developmental milestones may offer a novel measure of phylogenetic classifications.
This may have added pragmatic value in the specific support it offers for the reliability of rat/mouse
comparative modeling, as well as in the broader implications for the potential of meta-analyses using
databases assembled from the extensive empirical literature.
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1. Introduction

Although neurodevelopment occurs at dissimilar times and intervals in different mammalian
species, it consists of similar events and follows remarkably conserved sequences (1). For

example, rats have a gestational period of 21.5 days, compared to 165 days for macaques, yet
in both species ganglion cells in the retina are generated (“born”) before amacrine cells, neurons
that form the cortical subplate are generated prior to neurons of the cortical laminae, and axons
projecting from the retina reach the optic chiasm long before they segregate into ipsilateral and
contralateral patterns in the lateral geniculate nucleus. Identification of statistical relationships
in the timing of such developmental milestones (neural “events”) across various mammalian
species has proved useful in understanding general concepts about evolution and development
(2,3), and has been applied in a pragmatic fashion to extrapolate data obtained from well-
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studied experimental species to humans (4-6). Recently, a database of events gleaned from the
published literature, including a predictive application, was made available at
http://www.translatingtime.net/ (7).

The present study systematically investigates the fine nexus between the statistical properties
of common neurodevelopmental event timings obtained from this database, and phylogenetic
proximity. A sufficient number of neurodevelopmental event dates (40) have been established
in three species, namely: Rattus Norvegicus (rat), Mus Musculus (mouse), classified as
rodents, and the primate Macaca Mulatta (macaque) to warrant such analysis. We find
exponential and power-law approximations (8,9) to the distribution of the common events
exhibit considerable similarity between mouse and rat, yet are different from the macaque
pattern, reflecting the rodents’ phylogenetic proximity. The decay of the distribution is
relatively faster in both rodents when compared to macaque. Hierarchical clustering (10) of
the common events across the three mammals, and subsequent prediction of the events using
multivariate linear regression (10,11) also captures the phylogenetic proximity. These
statistical similarities suggest that the timing of developmental milestones may offer a novel
measure of phylogenetic classifications. The similarities between rat and mouse also have
pragmatic value in that they serve to bolster existing conversions
(http://www.translatingtime.net/). This is of particular value as the vast previous
neurodevelopmental studies accomplished in rat now require conversion to the newly favored
mouse.

Over the course of several previous studies (1,4,7,12), the timing of 102 early
neurodevelopmental events (i.e. dates in central nervous system development that occur less
than 160 days post-conception (PC) in humans) were systematically collected from the
empirical literature on ten mammalian species. Events are defined as empirically derived
occurrences in brain development, such as when neurons destined for various cortical layers
are born (neurogenesis dates) and milestones in fiber tract outgrowth. These data were obtained
from the general literature (13—24) including from published tables compiled by several authors
(1,25-27,35). Dates following conception reported in the empirical literature were converted
where necessary such that first 24-hour period post conception is always designated post
conceptional day (PC) 1.

Our dataset is based on an earlier version established by Finlay and Darlington (1), who used
it to define evolutionary principles. We sought to ensure as much consistency as possible in
our database, but it should be noted that compilation of data across laboratories, no matter how
carefully the original studies were done, will always introduce some amount of error in
standardization, and some degree of variability. Our database consists of empirical
observations published by many different researchers reporting the timing of milestones in
brain development, with studies typically accomplished in several animals and reported by the
authors as averages. Although developmental processes are typically continuous, we used
consistent and clearly reported start and stop dates whenever available. However some data,
neurogenesis dates for example, are sometimes reported in histograms. When converting from
histograms, we assigned a “start” date as the day on which 5% of the neurons of a given structure
were generated; with “end” defined similarly. Assigning dates for axon growth presented a
different problem as these type events can only be reported when they are observed, and are
thus subject to a sampling delay error that is dependent on the original sampling intervals. Yet
despite the inherent difficulties, meta-analyses of such data have been used successfully in
many previous studies (1,5,12,25-27,35). Additional details on the data used in this study are
publicly available, with references, at http://www.translatingtime.net (7).
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The largest number of event dates was collected in three species; 74 events in the developing
rat brain, 91 events in mouse and 66 events in macaque. Across the three species, a total of 40
of these were common events, a number that proved sufficient for the analyses we describe
here. All of the 40 common neural milestones can be considered “progressive” events; 34 are
post conception (PC) days for the start, peak, or end of neurogenesis for various brain regions
including subcortical nuclei, retinal cells, and cortical laminae, five are dates related to the
appearance of fiber tracts, and the last (1,4,7,12) is the final milestone in the current data base,
the day eye-opening occurs. Table I lists the 40 events along with their timing, mean, and
standard deviation. Corresponding references can be found at
http://bioinformatics.ualr.edu/ttime/relatedtables.php.

3. Analyses and Results

3.1 Power-law and exponential approximations to the distribution of the common events

The probability of occurrence of the events P(k) as function of their magnitude (k) across these
three mammals is shown in Figs. 1a, 1b and 1c respectively. Kolmogorov-Smirnov (KS)
goodness of fit (28) was used for pair-wise comparison of the distributional signatures across
the three mammals. Pair-wise comparison of the distribution of the 40 common events between
mouse and rat failed to reject the null hypothesis that the distributions of the events are drawn
from the same underlying distribution (p < 0.001). However, in similar comparisons between
rats and macaque, as well as mouse and macaque, the null hypothesis was rejected (p < 0.001).
While KS is useful is establishing the phylogenetic proximity, it is sensitive to the average
event timing. The distribution of the 40 common events across the three species is skewed to
the left indicating that the frequency of occurrence of neurodevelopmental events P(k) exhibits
a decaying trend with increasing (k), Fig. 1. Such a behavior was consistent across the three
mammals. The present study uses two popular parametric distributions, namely: exponential
and power-law approximations to capture the decaying trend. The term approximation is used
purposely in order to acknowledge finite-size effects inherent in such studies. While both
exponential, P(k) = B .e~7¢k and power-law distributions P(k) = p pk 7P, exhibit a decaying
trend, there are subtle yet significant statistical differences between these two classes of
distributions.

Consider an exponentially distributed random variable (k”) with P(K™ > k) = e 7eK, we have

P (k>ki+ky | k>ky) = e_:i(::z) —e7hi=p (k).

i.e. the future is conditionally independent of the past, hence memoryless. However, for a
power-law distributed variable (k™) with P(k™ > k) = k ~7p, we have

P (k>ki+k, | k>ky) =(k1;k+i%:(1+%)% # P (k>k)

i.e. the future is not conditionally independent of the past, hence not memoryless.

In either case, the decay of the distribution is directly proportional to the magnitude of the
exponents (yp, ve). Prior to determining the exponents (yp, ve) the expression for the power-
law and exponential distributions were linearized as follows

log P (k) =log (8,) — y,log (k) "
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log P (k) =log (Be) — yck (2)

The number of bins in the histogram which represents the number of points in the regression
of (1) and (2) was chosen approximately as the square root of the number of events, i.e.

V40 ~ 6. A value of one was added to P(K) to ensure non-zero frequency and existence of the
log-transform in expressions (1) and (2). Linear regression of the events distributions across
mouse, rat and macaque using power-law model (1) resulted in (yp = 3.3, 3.2 and 2.5) in that
order, Figs. 1d, 1e and 1f. A similar analysis using the exponential model (2) resulted in (ye =
0.16,0.14 and 0.04), Figs. 1g, 1h and 1i. Visual inspections of Fig. 1 reveal both the exponential
as well as power-law models as plausible approximations to the events distributions across the
mammals. However, it is prudent to validate the fit using well-defined measures in the case of
competing models explaining the same data. Prior to validation it is important to note that the
number of parameters across the two models and the number of samples used in the linear
regression were the same. Thus there is no need to incorporate sophisticated statistics to
accommodate the variation in the number of parameters or the number of data points in the
validation criteria. In the present study we used R? statistics [29] and the Akaike information
criterion (AIC) [30, 31] to validate the fit. Using a combination of validation criteria rejects
the claim that the conclusions drawn are based on the assumptions of a particular validation
criterion. While R? represents the percentage of variance in the given data explained by the
regression model, AlIC is an information theoretic criterion which relies on the popular
formulation of Occam’s razor. The larger the value of R2, the better the fit can be used to
explain the given data. This is in sharp contrast with AIC, which results in lower values for
better fits. The R for the power-law model (1) across mouse, rat and macaque was (R% = 0.78,
0.60 and 0.85) in that order, whereas for the exponential model (2) was (R? = 0.72, 0.60 and
0.84). Similar analysis using AIC as the validation criterion resulted in (AIC =15.9, 21.3,12.9)
for the power-law model (1) and (AIC =17.2, 22.6, 13.2) for the exponential model (2). Given
inherent finite size effects and insignificant change in AIC and R? values, we believe either of
these models can be used to explain the distributional signatures of the common events across
the three species. It is important to note that the magnitude of the exponent of the power-law
(vp) as well as exponential (ye) approximation reflects the phylogenetic proximity between
these species. The magnitude of the exponents in macaque (yp = 3.3, v = 0.16) was considerably
lower than those of mouse (yp = 3.2, e = 0.14) and rat (yp = 2.5, ye = 0.04) indicating relatively
slower decay in the event timings during neurodevelopment in macaque.

3.2 Hierarchical clustering of the common events across the three species

The 40 common events across the three species were hierarchically classified using linear
correlation metric and complete linkage [10]. It is important to validate the dendrogram
representation with respect to the given data, i.e. faithfulness of the hierarchical representation
in capturing the dissimilarities between the three species. A popular metric used to accomplish
above is the cophenetic correlation coefficient (y) [32-34], which is basically the linear
correlation between the cophenetic distances obtained from the dendrogram and the actual
dissimilarities used to construct the dendrogram (Mathworks, Natick, MA). Hierarchical
clustering of the 40 common events indicated significant proximity between mouse and rat as
opposed to macaque with (y = 0.99) reflecting their phylogenetic proximity (see Fig. 2).
Biological significance of the results generated by hierarchical clustering across the events was
unclear.

3.3 Multivariate linear regression of the common events across the three species

Multivariate linear regression is used widely to predict the response variable using a given set
of predictor variables [10, 11]. The weights of the predictors represent the relative contribution
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in predicting the unknown variable. Since there are three species in the present study, the third
species can be predicted as a linear combination of the other two. There are three possible cases
(i) predict mouse events using information of rat and macaque events; (ii) predict rat events
using information of mouse and macaque events; (iii) predict macaque events using
information of mouse and rat events. Preliminary investigation using the 40 common events
across the three species yielded the following: (i) relative contribution of rat and macaque in
predicting mouse events were (0.80 and 0.02) respectively. The weights of the regression
coefficients reflect considerable significant contribution from rat as opposed to macaque in
predicting mouse events. (ii) Relative contribution of mouse and macaque in predicting rat
events were (1.0 and 0.03) respectively. As in (i), the weights of the regression coefficients
reflect considerable significant contribution from mouse as opposed to macaque in predicting
rat events. (iii) The relative contribution of mouse and rat in predicting macaque events were
(1.7 and 1.8) respectively. Unlike (i) and (ii), the weights of the regression coefficients indicate
minimal discrepancy in the contribution of mouse and rat in predicting macaque events.

In order to further establish the connection between the regression weights and phylogenetic
proximity we followed a bootstrap approach. In the present context, the 40 common events
across the species were thought to be representative of the population. Subsequently, 20
common events across the three species were bootstrapped independently from these 40 events
by resampling without replacement. The distribution of the relative contribution of the
regression weights of the predictor variables across 500 independent bootstrap realizations for
case (i) is shown in Figs. 3a and 3b respectively. Those for cases (ii) and (iii) are shown in
Figs. 3c, 3d, and 3e, 3f, respectively. The confidence limit for 15 bootstrap realizations across
the three cases is shown in Fig. 4. The distribution of the weights, Fig. 3, clearly reflects the
phylogenetic proximity between rat and mouse.

4. Discussion

Despite the complexity of the various systems involved in development of the central nervous
system, statistical analyses can be used to characterize similarities and differences in the timing
of neural developmental events across mammalian species. The present study investigated
statistical properties including exponential and power-law approximations, hierarchical
clustering and multivariate linear regression data using a database gleaned from the empirical
literature of 40 common neurodevelopmental events across mouse, rat and macaque.

4.1 Modeling phylogenetic proximity

Mathematics and statistical methods, including hierarchical clustering are the cornerstones of
phylogenetic classifications whether used to sort by traditional methods such as genes and
proteins, or less conventional items such as behavior (11) or brain traits (12). We suggest that
statistical analysis of the timing of neural development also may offer a novel measure of
phylogenetic classifications into species’ phylogenetic proximity as: (a) phylogenetic
proximity between species can be captured by the parameters of power-law as well as by
exponential approximations (b) hierarchical clustering of the 40 common neurodevelopmental
event timings using correlation metric reflect the phylogenetic proximity between the species,
with faithfulness established by the cophenetic correlation coefficient. (c) regression
coefficients also reflect the phylogenetic proximity between the species, with rats contributing
to the prediction of mouse events and vice-versa.

Validation of the power-law and the exponential approximations using classical linear
regression statistics (R2, AIC) revealed the close relationship between rat and mouse neural
development, did the weights of the multivariate linear regression coefficients which implicitly
reflect the phylogenetic proximity between the species. The distributional signatures of the 40
common events across all three species exhibited a decaying trend, with distribution signatures
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skewed to the left, indicating that the frequency of occurrence of neurodevelopmental events
P(k) exhibits a decaying trend with increasing (k). Yet mouse and rat distributions show a
considerable similarity as reflected by the distributional parameters. Subsequent hierarchical
clustering of the common events using correlation metric and complete linkage also reflected
the rodent phylogenetic proximity.

It should be noted that although we emphasize rat/mouse similarities due to what this seems
to indicate about phylogenetic classifications, the distributional signatures of the 40 common
events demonstrate considerable similarity across all three species. This is in accord with many
previous studies that report striking similarities in the manner in which mammalian brains
develop [1, 5, 11, 25-27, 37].

4.2 Phylogenetic proximity strongly supports rat/mouse conversions

Over the course of the past years, considerable empirical data have been generated regarding
rat neural development, although less have been collected in mice (22). Yet recent National
Institutes of Health (NIH) initiatives assign a new high priority to mouse resources, based on
the explosion of genomic studies now accomplished or planned in mice. The murine emphasis
compels researchers to identify how to best equate neurodevelopmental events that occur in
rats (gestation averages 21.5 days) to similar events in mice (gestation averages 18.5 days).
The answer lies on a spectrum ranging from simply subtracting the 3 days difference in
gestation time to requiring that the abundant studies done over so many years in rat models be
repeated in mice.

We strongly suggest that the problem can be addressed, and thus solutions better understood,
using neuroinformatics principles, including methods used in this study. Because multivariate
regression can be used to establish the phylogenetic proximity of the two rodent species from
the weights of the regression coefficients, we are able to conclude that rat neurodevelopment
event timing can play an important role in predicting mouse event timing, and vice-versa. On
the other hand, the magnitude of the decay exponents (yp, ve) indicates that macaques exhibit
considerably slower decay than rodents, likely reflecting the longer and more complex nature
of neurodevelopment programs in primates. The delay likely reflects the elongation of the
neural development window. Macaque gestation is approximately three times that of rodents
(165 days), and although not true measure of total brain development time, it reflects the
additional time to complete brain maturation in primates. The close relationship in the two
rodents suggests previous mathematical extrapolations between these two species are likely to
be particularly reliable, supporting use of our comparative dataset available at
http://www.translatingtime.net. The value of such support lies in increased assurance that such
translational modeling may possibly encourage investigators to target a limited, specific range
of time points for their studies across species.
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Figure 1.

Histogram representing the frequency of occurrence P(k) of the events (k) across mouse, rat
and macaque is shown in (a, b and c) respectively. Power-law approximation to the distributions
(a, b, c) along with the exponent (y,) obtained by linear regression of log(P(k)) versus log(k)
across the three mammals is shown in (d, e and f). Exponential approximation to (a, b and c)
along with the exponent (y) across the three mammals is shown in (g, h and i).
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Figure 2.

Hierarchical clustering based on the 40 events common across the three mammals (Mouse, Rat
and Macaques) using correlation metric and complete linkage reveals their phylogenetic
proximity. This is also reflected by the similarity in the exponents obtained by power-law
(vp) as well as exponential (ye) approximations to the distribution of the 40 common events,
Fig. 1.
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Figure 3.

Distribution of the regression coefficients across 500 independent bootstrap realizations, each
consisting of 20 common events obtained by resampling without replacement from the 40
common events across the three species. Subplots (a) and (b) represent relative contribution
of the rat and macaque in predicting mouse events. Subplots (c) and (d) represent relative
contribution of the mouse and macaque in predicting rat events. Subplots (e) and (f) represent
relative contribution of the mouse and rat in predicting macaque events.
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Confidence intervals of the regression coefficients
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The 95% confidence interval of the regression coefficient estimates across each of the cases
in Fig. 3. Only 15 of the 500 bootstrap realizations are shown for clarity.
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Table |
Neurodevelopmental event timings across Mouse, Rat and Macaque along with average values and standard deviations
(CAL, CA2: hippocampal fields, cornu ammonis; dLGN: dorsal lateral geniculate nucleus; SC: superior colliculus;
VC: visual cortex).

1duasnue Joyiny vd-HIN 1duasnue Joyiny vd-HIN

1duosnue Joyiny vd-HIN

Events Mouse Rat Macaque Mean SD
retinal ganglion cell generation - start of 10.5 115 30 17.3 11.0
neurogenesis

subplate -start of neurogenesis 10 115 39.5 20.3 16.6
superficial SC laminae- start of neurogenesis 10.5 125 30 17.7 10.7
dLGN- start of neurogenesis 10.5 135 36 20.0 13.9
subplate - peak of neurogenesis 11 14 43 22.7 17.7
raphe complex - peak of neurogenesis 135 12 30 18.5 10.0
neurogenesis cortical layer VI - start (VC) of 11 13 45 23.0 19.1
neurogenesis

Purkinje cells - peak of neurogenesis 10.5 14 39 21.2 155
medial forebrain bundle appears 13 13 355 20.5 13.0
dLGN - peak of neurogenesis 12 14 43 23.0 17.3
optic axons at chiasm of optic tract 13 15 36 21.3 12.7
fasciculus retroflexus appears 14 125 40 22.2 15.5
amygdala - peak of neurogenesis 12 15 38 21.7 14.2
superior colliculus - peak of neurogenesis 13 15 41 23.0 15.6
dLGN- end of neurogenesis 12,5 15.5 43 23.7 16.8
neurogenesis cortical layer V - start (VC) of 12 135 58.5 28.0 26.4
neurogenesis

retinal ganglion cells - peak of neurogenesis 13 16 43 24.0 16.5
subplate - end of neurogenesis 12 15 48 25.0 20.0
neurogenesis cortical layer VI - peak (VC) of 12.5 16 53 27.2 22.4
neurogenesis

septal nuclei - peak of neurogenesis 13 14 45 24.0 18.2
entorhinal cortex - peak of neurogenesis 13 14 48 25.0 19.9
caudoputamen — peak of neurogenesis 14 15 45 24.7 17.6
subiculum — peak of neurogenesis 13 16 48 25.7 19.4
parasubiculum — peak of neurogenesis 135 16 48 258 19.2
superficial SC laminae - end of neurogenesis 14 175 56 29.2 23.3
fornix appears 14 15 48 25.7 19.3
neurogenesis cortical layer V - peak (VC) of 13 16 70 33.0 321
neurogenesis

presubiculum — peak of neurogenesis 135 17 48 26.2 19.0
neurogenesis cortical lamina V1 - end (VC) of 13 15.5 65 31.2 29.3
neurogenesis

neurogenesis cortical lamina 1V - start (VC) of 15 155 70 335 31.6
neurogenesis

CA 1, CA 2 - peak of neurogenesis 15 18 48 27.0 18.2
retinal amacrine cells - peak of neurogenesis 15 16 56 29.0 23.4
neurogenesis cortical layer V - end (VC) of 14 16.5 75 35.2 345
neurogenesis

nucleus accumbens - peak of neurogenesis 16 19 45 26.7 15.9
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Events Mouse Rat Macaque Mean SD
neurogenesis cortical layer 1V - peak (VC) of 17 17 80 38.0 36.4
neurogenesis
retinal ganglion cell generation - end of 18.5 18.5 57 313 22.2
neurogenesis
neurogenesis cortical layer 11 /111 - peak (VC) of 15 18 90 41.0 425
neurogenesis
neurogenesis cortical layer IV - end (VC) of 17 175 85 39.8 39.1
neurogenesis
ipsi/contra segregation in LGN and SC 255 28.5 87 47.0 34.7
eye opening 30 36 123 63.0 52.0
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