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Dynamic remodeling of connectivity is a fundamental feature of neocortical circuits. Unraveling the principles underlying these dynam-
ics is essential for the understanding of how neuronal circuits give rise to computations. Moreover, as complete descriptions of the wiring
diagram in cortical tissues are becoming available, deciphering the dynamic elements in these diagrams is crucial for relating them to
cortical function. Here, we used chronic in vivo two-photon imaging to longitudinally follow a few thousand dendritic spines in the mouse
auditory cortex to study the determinants of these spines’ lifetimes. We applied nonlinear regression to quantify the independent
contribution of spine age and several morphological parameters to the prediction of the future survival of a spine. We show that spine age,
size, and geometry are parameters that can provide independent contributions to the prediction of the longevity of a synaptic connection.
In addition, we use this framework to emulate a serial sectioning electron microscopy experiment and demonstrate how incorporation of
morphological information of dendritic spines from a single time-point allows estimation of future connectivity states. The distinction
between predictable and nonpredictable connectivity changes may be used in the future to identify the specific adaptations of neuronal
circuits to environmental changes. The full dataset is publicly available for further analysis.
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Introduction
The structure of neuronal circuits is a major determinant of their
computational function. In recent years, considerable efforts

have been made to extract information about neuronal connec-
tivity in histological samples. In particular, serial-sectioning elec-
tron microscopy (ssEM) reconstruction has been successful in
determining the structure of neuronal networks with single syn-
apse resolution (Lichtman and Denk, 2011). Although this ap-
proach was used so far for the analysis of different neuronal
circuits, including the neuronal circuit in Caenorhabditis elegans
(White et al., 1986), circuits in fly visual system (Takemura et al.,
2013), in the mammalian retina (Briggman et al., 2011; Helms-
taedter et al., 2013), and fractions of the neocortex (Bock et al.,
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Significance Statement

The neural architecture in the neocortex exhibits constant remodeling. The functional consequences of these modifications are
poorly understood, in particular because the determinants of these changes are largely unknown. Here, we aimed to identify those
modifications that are predictable from current network state. To that goal, we repeatedly imaged thousands of dendritic spines in
the auditory cortex of mice to assess the morphology and lifetimes of synaptic connections. We developed models based on
morphological features of dendritic spines that allow predicting future turnover of synaptic connections. The dynamic models
presented in this paper provide a quantitative framework for adding putative temporal dynamics to the static description of a
neuronal circuit from single time-point connectomics experiments.
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2011), it is likely that, with the advancement of technology,
increasingly larger brain regions will become amenable for recon-
struction in the foreseeable future. The knowledge of the so-
called “connectivity matrix,” which specifies the existence and
strength of connections between all neurons in a brain region,
holds the promise for novel insights in our understanding of the
activity and function of neuronal circuits.

However, inferring the function of the neuronal circuit from
its connectivity matrix remains a challenge (Seung, 2009; Denk et
al., 2012; Bargmann and Marder, 2013). One factor that funda-
mentally complicates the interpretation of connectomic data
from a single time-point is the fact that, in the living brain, con-
nectivity matrices are dynamic. This is particularly evident in
chronic imaging of dendritic spines, on which most of neocorti-
cal excitatory synapses reside (Beaulieu and Colonnier, 1985;
Knott et al., 2006; Arellano et al., 2007b). First, spine sizes change
at multiple time-scales, suggesting that the efficacies of the cor-
responding synapses undergo constant changes (Minerbi et al.,
2009; Kasai et al., 2010; Loewenstein et al., 2011). Second, spines
exhibit substantial turnover, which indicates that the formation
and elimination of synapses is an ongoing process (Holtmaat and
Svoboda, 2009). Both these processes are observed not only dur-
ing development but also in the adult brain.

Dissociating the more stable elements from the less stable ones
in the connectivity matrix can be useful when relating the neuro-
nal architecture to its function (Moczulska et al., 2013). For ex-
ample, it is thought that the ability to store memories for long
periods of time depends on the stability of specific patterns of
synaptic connections (Hübener and Bonhoeffer, 2010; Caroni et
al., 2012). Therefore, it is likely that stability of some elements of
the matrix enable long-term memories (Xu et al., 2009; Yang et
al., 2009; Moczulska et al., 2013). On the other hand, it is difficult
to see how the volatile elements of the connectivity matrix par-
ticipate in the long-term storage of memories.

Previous spine imaging studies have demonstrated that spines
differ in their dynamics. For example, it has been shown that the
age (Grutzendler et al., 2002; Trachtenberg et al., 2002; Holtmaat
et al., 2005; Zuo et al., 2005; Keck et al., 2008) and size (Grutzen-
dler et al., 2002; Holtmaat et al., 2005; Zuo et al., 2005; Majewska
et al., 2006) of the spine are negatively correlated with its turnover
rate. This suggests that distinct morphological features of a spine
could be used as predictors of their stability. The goal of this study
is to identify and quantify the power of various morphological
features to predict future network reconfigurations.

Materials and Methods
We used six male adult (�6 months old) in-house bred mice of the
GFP-M transgenic line (Tg(Thy1-EGFP)MJrs/J) selected for sparse GFP
expression in the cortex (Feng et al., 2000). All experiments were per-
formed at Cold Spring Harbor Laboratory, in strict compliance with the
animal use and care guidelines of Cold Spring Harbor Laboratory. The
procedures for implantation of a glass window in the cranium and in vivo
two-photon imaging for the acquisition of this dataset have been de-
scribed in detail previously (Loewenstein et al., 2011).

Image analysis. For image analysis, “best projections” of all dendrites
for all time-points were constructed that allowed identification of spines
at a given time-point and indexing of identical spines along time (Holt-
maat et al., 2005). A custom-written MATLAB (The MathWorks) soft-
ware was used for extraction of morphological features of identified
spines. Comparison of images of dendritic spines acquired by two-
photon microscopy and subsequent ssEM reconstruction highlights the
fact that the estimation of morphological parameters in two-photon data
is less precise due to the poorer resolution, in particular for the axial
dimension (Knott et al., 2006; Cane et al., 2014). To minimize this effect,

we focused our analysis on those spines, which extended laterally from
the dendrite approximately parallel to the imaging plane. For �72% of
analyzed spines, the estimated center of the adjacent dendrite was within
0.5 �m along the z-axis. For the measurement of V, S, and D, the 2D
image plane, in which the spine brightness was highest was considered.
The morphological parameter V was defined as the common logarithm
of the integrated spine intensity, as described in detail previously (Loew-
enstein et al., 2011). It has previously been shown that integrated spine
intensity in in vivo two-photon imaging is tightly correlated with the
volume of a spine as subsequently estimated by ssEM reconstruction
(Grutzendler et al., 2002; Trachtenberg et al., 2002; Holtmaat et al., 2005;
Zuo et al., 2005; Keck et al., 2008). Furthermore, there is good evidence
that the spine volume can serve as proxy for the functional strength of a
synaptic connection (Bhatt et al., 2009; Holtmaat and Svoboda, 2009;
Holtmaat et al., 2009; Xu et al., 2009). For the purpose of this study, we
extracted in addition two parameters that describe the shape S of a
spine and the distance D of its center of mass to the dendrite. To
obtain S, we performed a principal component analysis of the 2D
pixel map associated to the spine, where each pixel was weighted by its
brightness. Denoting the larger and smaller eigenvalues by �1 and �2,

respectively, S �
�1 � �2

�1 � �2
. The parameter D was calculated as the short-

est distance between the center of mass of the spine-associated pixels and
the ridge along the dendrite as defined by a watershed algorithm in arbi-
trary units. Thus, D is a measure of the length of a spine. An advantage of
this method is that it does not rely on the determination of spine bound-
aries. However, it may be affected by the geometry of the spine and the
spine’s relative orientation to the dendrite.

Statistical analysis. To compute the standard error of the mean
(SEM) for the fraction of newly formed spines in our dataset, pnew, we
considered every spine imaged as an independent Bernoulli process.
Thus, the most likely mean is the empirical frequency pnew�
2,268/7,279 � 0.312, and the SEM is given by SEM �
�pnew � �1 � pnew�/�7,279 � 1� � 0.005. To estimate the confidence
interval (CI) in the values of �, we solved Equation 1 in Results numeri-
cally for pnew � 0.312 � 0.005 and for pnew � 0.312 � 0.005 and used the
resultant values of � as the CIs for �.

The parameters used in Figures 3, 5, and 6, and Table 1 are those that
minimize the square difference (averaged over the observations) between
the predicted probabilities of survival ( p in Eq. 2) and the empirical
observations of spines dynamics (1, survived; 0, did not survive). Replac-
ing the least square error objective function with a maximum likelihood
score did not substantially change the estimated parameters.

To estimate the confidence in the estimated parameters (Figures 3, 5;
Table 1), we used nonparametric bootstrapping: we resampled the
spines, with replacement, 10,000 times and for each of these realizations
we repeated the regression. The CIs of these parameters are denoted by
error bars in Figures 3 and 5 and by the error margins in Table 1.
Comparable results were obtained when parametric bootstrapping
was applied.

To compute the log-likelihoods of Figure 6, we used the models to
compute the survival probabilities of individual spines and used
these probabilities to compute the log-likelihoods of the data:
L � �

i
�ai � log2�pi� � �1 � ai� � log2�1 � pi�� where the sum is

over all spines, pi is the probability of survival of spine i and ai is in index
variable that is equal to 1 if the spine survived and is equal to 0 otherwise.
To avoid overfitting, we used the method of “leave one out”: the survival
probability for each of the spines was estimated using a model that was
trained on all other spines (not including the spine whose lifetime was
predicted). Comparable log-likelihoods were obtained using the twofold
cross-validation technique, in which the data were divided into two sets
of equal size: one set was used for training the models and the other for
estimating their log-likelihoods.

CIs for likelihood were estimated using nonparametric bootstrapping:
we resampled the spines, with replacement, 10,000 times and for each of
these realizations we repeated the log-likelihood analysis (using the
“leave one out” method described above). The error bars in Figure 6B
correspond to the standard deviations (SDs) of the resultant log likeli-
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hoods. Comparable results were obtained when parametric bootstrap-
ping was applied.

To compare the different models, we used the fact that, for nested
models, the difference in the (natural) log-likelihood of the models, mul-
tiplied by 2, is � 2 distributed, with degrees of freedom equal to the dif-
ference in the number of parameters (Wilks, 1938; Dickhaus and Royen,
2015). The (natural) likelihoods of the different models are depicted in
Table 1. We used the same approach to validate that including the dis-
tance variable beyond the shape variable is justified.

Results
Imaging dendritic spines in the mouse auditory cortex in vivo
We imaged and analyzed 3688 spines from eight neurons of the
auditory cortex in six mice expressing GFP in a subset of pyrami-
dal neurons (Feng et al., 2000) using chronic two-photon imag-
ing through a cranial window (Fig. 1A). The full details of the
experimental procedures have been described previously (Loew-
enstein et al., 2011), where we analyzed part of this dataset to
address a different question. We observed substantial spine turn-
over, indicating that the architecture of the neuronal circuits in
the auditory cortex is dynamic (Fig. 1B). Indeed, 31% � 1%
(SEM) of the spines in a given imaging session were not detected
in the previous imaging session; and, similarly, 31 � 1% (SEM) of
the spines identified in an imaging session were no longer found
in the next imaging session. The total number of spines imaged
on a given day was almost constant (Fig. 1C). It should be noted
that previous studies have reported a wide range of turnover
rates, and the rates reported in this study are at the higher end.
Differences between rates have been attributed to the cortical
region, age of the animal, and differences in the imaging tech-
nique (Bhatt et al., 2009; Holtmaat and Svoboda, 2009; Holtmaat
et al., 2009; Xu et al., 2009). One major factor contributing to our
relatively high estimate of turnover rates is that we did not at-
tempt to distinguish between filopodia and spines.

The goal of this paper is to characterize the independent con-
tributions of different spine features to their stability. The results
are presented in the following order: First, we characterize the
dependence of spine turnover on the age of the spine. Second, we
quantify how the size and the age of the spine independently
contribute to the prediction of its lifetime. Third, we construct a
comprehensive model that predicts the lifetime of a spine based
on its age, size, and additional morphological features. Fourth, we
use this framework to estimate the power of a single time-point
ssEM experiment to identify stable and volatile components of
the network architecture, when age information is omitted and
only the morphological features are incorporated.

Power law description of spine turnover
Before relating the morphological features of a spine to its life-
time, we quantified how the stability of a spine depends on its age
(Grutzendler et al., 2002; Trachtenberg et al., 2002; Holtmaat et
al., 2005; Zuo et al., 2005; Keck et al., 2008). We first considered
newly formed spines, that is, spines that had not been observed
on the first imaging session and appeared at some later time-
point during the experiment (Fig. 1B, spines 1421–3281). We
plotted their survival probability curve (i.e., the fraction of newly
formed spines surviving at least to the t th subsequent imaging
session) (Fig. 2A). We found that �60% of newly formed spines
no longer existed after one imaging session. However, their dis-
appearance rate was not constant. The longer the spine survived,
the larger was the probability that it would survive to the next
imaging session. This stabilization of spines with time is clearly
evident when considering the significant deviation of the best
exponential fit from the data points.

The survival plot of Figure 2A, in which the decay rate de-
creases with time is reminiscent of a power law decay, in which
the probability that a spine survives to a given imaging session
t�t � 0, 1, 2, 3, 4�, f(t), is given by f�t� � �t � 1��� and � � 0 is
the decay parameter. However, it is difficult to assess a power law

Figure 1. In vivo imaging of dendrites and spines. A, Two “best projection” images (Holtmaat et al., 2005) of the tip of the same dendrite imaged at an interval of 4 d. Blue arrowheads indicate
spines present at both time-points. Red arrowheads indicate spines found only on one of the days. B, Lifetime plot of all 3688 imaged spines. Presence of a spine is indicated by a thin horizontal black
line on a given day. For example, spines 1–1420 are those observed in the first imaging session; spines 1–998 are those observed in at least the first and the second imaging session; spines
1421–1937 are those observed for the first time in the second imaging session; and so on. C, Total number of spines imaged on a given day per neuron (indicated by different colors).

Figure 2. Lifetime dynamics of spines follow a power law. A, Survival plot of newly formed
spines (corresponding to spines 1421–3281 in Fig. 1B). Circles represent the ratio of spines
present one, two, three, and four imaging sessions out of the corresponding newly formed
spines (739 of 1861, 308 of 1383, 153 of 1012, and 64 of 517, respectively). Dotted line indicates
best exponential fit (time constant 5.2 d). Red line and pink shade represents predicted survival
plot and CI, f�t� � �t � 1���, where � � 1.384 	 0.008 and t is the imaging
session. B, Circles represent survival plot of spines observed in the first imaging session (corre-
sponding to spines 1–1420 in Fig. 1B). Of the 1420 spines observed in the first imaging day, 998,
812, 707, 651, and 579 were still detected in the second, third, fourth, fifth, and sixth imaging
sessions, respectively. Red line and pink shade (almost too thin to observe) represent predicted
survival plot and CI, respectively. Error bars (barely larger than the circle) indicate SEM.
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decay using a limited temporal range. Therefore, we used an in-
direct method that is based on the assumption that the dynamics
of spine formation and removal is stationary. This assumption is
based on our observation that the number of newly formed
spines in an imaging session, the total number of spines and their
ratio (517 of 1515, 495 of 1537, 371 of 1373, 478 of 1466, and 407
of 1388 for sessions 2– 6, respectively) did not significantly
change over the course of the experiment (p � 0.27, p � 0.18, and
p � 0.37, respectively, Student’s t test; see also Fig. 1C). The total
number of spines N in an imaging session is composed of all
spines that survived to this imaging session. Therefore, assuming
that the dynamics of spine formation and elimination is station-
ary, these N spines can be grouped according to their age, such
that N � �t�0

	 nnew � f�t�, where nnew is the number of observed
spines that were not present in the previous imaging session. The

fraction of newly formed spines is given by pnew �
nnew

N
and,

therefore, pnew � ��t�0
	 f�t���1. Considering a power law survival

probability function f�t� � �t � 1���, the parameter � is
uniquely determined by pnew such that,

pnew � � �t�0

	
�t � 1� f����1

(1)

Measuring the fraction of newly formed spines in our dataset,
pnew � 0.312 	 0.005 (2268 of 7279) and solving Equation 1
numerically, we found that � � 1.384 	 0.008. Plotting the
predicted survival probability function f�t� � �t � 1��� with
� � 1.384 	 0.008 in Figure 2A, we found that a power law
decay is a good approximation of the empirical data (all four data
points were not statistically significantly different from the power
law function, p � 0.22, two-tailed binomial test). It is important
to note that the predicted decay is not a fit of the empirically
measured decay. Rather, it is a prediction that is based on the
fraction of newly formed spines, pnew and the assumptions of a
power law decay and stationarity.

To further test the validity of Equation 1, we considered the
lifetimes of spines that were observed in the first imaging session
(spines 1–1420 in Fig. 1B). These spines were generated before
the first observation; therefore, we have no direct information
about their age composition. Their empirical lifetime plot is de-
picted in Figure 2B. The decay of these spines is significantly
slower than that of the newly formed spines, likely due to the fact
that many of them are older than newly formed spines. We as-
sumed that the age composition of the population of spines ob-
served in the first imaging session results from the same power
law decay (Eq. 1; � � 1.384) that describes the dynamics of newly
formed spines (Fig. 2A). According to this, 0.31 of the spines were
newly formed: 0.31 � 2�1.38 � 0.12 were between 4 and 8 days
old; 0.31 � 3�1.38 � 0.07 were between 8 and 12 days old; and so
on. After estimating the age composition of the spine population
on a given day, we used Equation 1 to compute the predicted
survival plot of the population present on the first imaging ses-
sion. The theoretically predicted survival plot approximates the
data well (Fig. 2B; p � 0.27, two-tailed binomial test for each of
the five data points), indicating that the age-dependent turnover
of the newly formed spines is comparable with the age-dependent
turnover of the spines present in the first imaging session. Inter-
estingly, a previous study has suggested, based on theoretical con-
siderations, that the distribution of life times of newly created
synapses matches a power law (Zheng et al., 2013). However, the
value of the decay parameter in that study was substantially
smaller (�0.5).

Contribution of spine size and age to its stability
To further characterize the determinants of spine stability, we
considered the sizes of the spines. Previous studies have shown
that smaller spines are more likely to disappear before the next
imaging session than are larger spines (Grutzendler et al., 2002;
Trachtenberg et al., 2002; Holtmaat et al., 2005; Zuo et al., 2005;
Keck et al., 2008). Similarly, we find that the probability that a
spine would survive to the next imaging session is a monoto-
nously increasing function of its size (see below). However, be-
cause spine size and spine age are also correlated, at least during
the initial time period after formation (Holtmaat et al., 2006) (see
also below), we examined the independent contribution of the
two factors to the prediction of the lifetime of the spines. To that
goal, we grouped all spines according to their age. For each age
group, we binned the spines according to their size into four
classes of an equal number of spines. For each class, we calculated
the survival probability of the spines by computing the fraction of
spines that persisted to the next imaging session (Fig. 3A). The
analysis reveals that conditioned on the age of the spine, the
survival probability of larger spines is typically higher than that of
smaller spines as indicated by the positive slope of the lines cor-
responding to the different age groups in Figure 3A. Moreover,
for a given size of a spine, the average survival probability of older
spines is higher than that of younger spines. This is reflected by
the fact that the lines associated with the older spine groups are
above the lines associated with the younger spine groups. These
results clearly show that size and age independently contribute to
the survival probabilities of spines.

To quantify the independent contribution of age and size to
the survival probability of a spine, we used logistic regression to
relate spines’ turnover to their size and age. According to this
model, the probability p that a spine would survive to the next
imaging session is a logistic function of X as follows:

p �
eX

1 � eX (2)

where X is a linear combination of the age of the spine and its size
in a logarithmic scale as follows:

X � bi � wv � Ṽ (3)

The parameter bi denotes the contribution of age of the spine to
its survival such that, for all spines of equal age i, the age contri-
bution is equal. The larger the value of bi, the more stable the
spine is. The parameter wv denotes the contribution of the size of
the spine to its survival. The variable Ṽ is the normalized size of

the spine such that Ṽ �
V � �v


V
, where �v and 
v are the mean

and the SD of V, the size of the spine measured in a logarithmic
scale (Song et al., 2005; Loewenstein et al., 2011). A positive value
of wv implies that larger spines are more stable than smaller ones.
The opposite is true if wv is negative.

We used least-squares regression to find the set of parameters
bi and wv that best fit the empirically measured survival of the
spines. In line with the qualitative analysis of Figure 3A, the values
of bi, depicted in Figure 3B, are a monotonously increasing func-
tion of the age of the spines, confirming that even when the size of
the spine is taken into considerations, the survival probability of the
spines increase with their age. The value of wv � 0.49 	 0.05 is pos-
itive, indicating that given the age, the survival probability of a
spine increases with its size. As depicted in Figure 3A (lines), the
spine survival probability model (Eqs. 2, 3) captures the size-age
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dependence of spine turnover. The horizontal offset of the lines
in Figure 3A is determined by the age parameters bi, whereas the
slope is determined by the size coefficient wv.

A comprehensive model based on additional morphological
features
Size is not the only morphological feature of a spine that is avail-
able at a single time-point measurement. We considered the re-
lation of additional morphological features with spine turnover.
In addition to the size of the spine V, we derived a measure of the
spine’s shape S as reflected in its ellipticity, in which S � 0 corre-
sponds to a round spine and S � 1 corresponds to an infinitely
thin spine and a measure of its length, the distance D of its center
of mass from the dendrite (see Materials and Methods; Fig. 4A).
These three variables provide a parametric description of a
spine’s morphology and they capture the difference between clas-
sically defined groups of spines, such as “stubby,” “mushroom,”
or “filopodia-like” (Peters and Kaiserman-Abramof, 1970). We
observed a substantial heterogeneity in these three morphologi-
cal characteristics as depicted in Figure 4, B and C.

The predictive power of the size of a spine raises the question
of the extent to which the other morphological features (i.e., the
shape and the distance) can be used to predict the spines’ survival.
Addressing this question in a model-free manner is difficult be-
cause of the correlations between the features: the pairwise Pear-
son correlation coefficients between the morphological variables
are as follows: Cor�V, S� � 0.05; Cor�V, D� � 0.18; and
Cor�S, D� � 0.23. To untangle these correlations, we used the
logistic framework (Eq. 2), in which the input X incorporates the
age of the spine and the three morphological variables:

X � bi � wv � Ṽ � ws � S̃ � wd � D̃ (4)

where wV, wS, and wD are coefficients that denote the contribu-
tions of the size, shape, and distance, respectively. The tilde are
used to denote that these variables are normalized to have zero

mean and a unit SD �X̃ �
A � �X


X
where �X and 
X are the mean

and the SD of X, respectively, X � S, V, or D�. We used the

method of least square error to find the set of parameters bi, wV,
wS, and wD that best fit the empirically measured survival of the
spines to the next imaging session given their age and morpho-
logical characteristics. As depicted in Figure 5A, the age coeffi-
cients bi increase with the age, demonstrating that, even given the
three morphological variables, spines stabilize with their age. The
morphological parameters, depicted in Figure 5B, indicate that
the likelihood of survival of a spine to the next imaging day is
dominated by its age and size, yet the shape of a spine also con-
tributes to its survival probability such that the thinner a spine is,
the less stable it is. This negative contribution of shape of the
spine to its survival probability occurs despite the fact that shape
is positively correlated with size (see above). The effect of the
distance parameter D on the survival probability of the spine to
the next imaging session is small.

Longer-term predictions
In the previous section, we used the morphological parameters of
the spine and its age to predict its survival in the next imaging
session (4 d). However, this framework can be easily extended to
predict the lifetime of spines multiple imaging sessions into the
future. In that case, the coefficients that denote the contributions
of the age, size, shape, and distance become time-dependent, and
Equation 4 becomes the following:

X�t� � bi�t� � wV�t� � Ṽ � wS�t� � S̃ � wD�t� � D̃

(5)

where the index t denotes the imaging session into the future (t �
1, 2, …). We denote this model as a “comprehensive model.”

To demonstrate this, we considered the 1515 spines imaged in
the second imaging session. The survival of the spines present at
the second imaging session is depicted in Figure 6A1, where in-
dividual spines are sorted according to the age (age 0 – 4 d and
older, �4 d spines). As a result, the index i in Equation 5 takes
only two values. The parameters that characterize the compre-
hensive model are shown in Table 1 (comprehensive model).
Focusing on the second imaging day in our dataset as a reference
point provides us with partial age information (one interval into

Figure 3. Spine size and age independently determine survival probability. A, Circles represent spines of various ages that were grouped into four bins according to their size. For each group, the
mean survival probability is plotted against the mean spine size. Error bars on the x-axis indicate SD. Error bars on the y-axis indicate SEM. Line, Best-fitted model (Eqs. 2, 3). B, The age coefficients
bi. i � 0 – 4 d, 4 – 8 d, 8 –12 d, and 12–16 d represent the spines of known age; i � “older” indicates the spines present in the first five imaging sessions. Error bars indicate 68% CIs (equivalent
to 1 SD in a normal distribution).
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the past) as well as reference data for survival predictions up to
four imaging intervals into the future.

To illustrate the predictive power of the comprehensive
model, we plotted in Figure 6A2, for each spine present in the
second imaging session, its survival probability at different inter-
vals into the future. As shown in the figure, the stripes become
progressively lighter as the interval increases, reflecting the de-
crease in survival probability. Also noteworthy is the observation
that the lower part of the plot is darker. A standard measure of the

predictive power of models is their average log-likelihood. The
log-likelihood is nonpositive, and it asymptotically approaches
zero the higher the predictive power of the model is. The log-
likelihood of the data given the comprehensive model is depicted in
Figure 6B (black). A log-likelihood of �1 corresponds to a model
that does not do better than the tossing of an unbiased coin. By
contrast, the log-likelihood of a model that succeeds in predicting
whether a spine will disappear or not with a probability of 80% is
�0.72 (because 0.8 � log2�0.8� � 0.2 � log2�0.2� � � 0.72). It is
important to note that we used the leave-one-out cross validation
method to compute the likelihood (see Materials and Methods).
This method, which is closely related to the Akaike information
criterion, was used as it is not biased by overfitting, and it can be
used to compare models that are characterized by a different
number of parameters (Stone, 1977; Fang, 2011), as is done be-
low. As depicted in Table 1, the magnitudes of the shape and
distance coefficients in the comprehensive model are small com-
pared with the magnitude of the size coefficient (qualitatively
similar results in Fig. 5B). These results cast doubt on their con-
tribution to the predictive power of the model. To test this, we
considered a model that uses only the age and size of the spine
(referred to as age-size model). Formally, this model corresponds
to assuming that wS�t� � wD�t� � 0 in Equation 5. The param-
eters that characterize the age-size model are shown in Table 1
(“age-size”). The predictive power of the age-size model is de-
picted qualitatively in Figure 6A3 and quantitatively in Figure 6B

Figure 4. Morphological characteristics of spines. A, Top, “Best projection” image of a dendrite with spines. Bottom, Enlarged views of three example spines with the corresponding morpho-
logical parameters describing volume, shape, and distance. For spine iii, orange circle represents the intermediate variables (spine center of mass [COM]. Blue line indicates D, dendrite-COM distance.
Purple represents approximating ellipse. Red arrow indicates �1 � major axis. Green arrow indicates �2 � minor axis. (See Materials and Methods.) B, The distributions of the morphological
parameters of spines, the size of the spines V (top), the shape variable S (middle), and the distance D (bottom, in �m). Lines indicate the least-square error fit of a log-normal distribution

(top, �V � 1.53 and 
V � 0.36) (Loewenstein et al., 2011), beta distribution f�x; �, �� �
1

B��, ��
x��1�1 � x���1 with � � 1.97 and � � 23.7, and gamma distribution

�f�x; �, �� �
��


���
x��1e��x with � � 3.80 and � � 26.7�. C, Joint distributions of pairs of parameters, computed by convolving the data points with a Gaussian distribution

whose variance is diagonal and is equal to the marginal distribution variances divided by 50 and normalizing maximal probability density to 1. Top, S versus D. Middle, D versus V. Bottom,
D versus S.
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Figure 5. Coefficients of the comprehensive model. A, The coefficients for spine age in the
comprehensive model. B, Coefficients for volume, shape, and distance in the comprehensive
model. Values represent the least square error parameters. Error bars indicate 68% CIs.
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(red), demonstrating that the contribution of the shape and dis-
tance parameters to the prediction of the fate of the spine,
whereas being modest is nevertheless statistically significant (p �
10�8 for the four intervals; see Materials and Methods).

Emulation of a single time-point ssEM experiment
In the previous section, we quantified the extent to which the
lifetime of a spine can be predicted based on its age and its mor-
phological features. However, in contrast to in vivo imaging stud-
ies, the age of the spine is not accessible in single time-point ssEM
experiments. Therefore, to test the ability to predict the lifetime
of a spine, we considered a model that uses only morphological
features of the spine and no explicit information about its age. We
considered two models: (1) a model that includes all morpholog-
ical parameters (formally, this model corresponds to replacing
the age-dependent parameters bi(t) in Eq. 5 with an age-
independent constant b(t)); we refer to this model as the ssEM
model; and (2) a model that considers only the size of the spine,
which we refer to as the size model. The parameters that charac-
terize the two models are presented in Table 1 and their predictive
power is illustrated qualitatively in Figure 6A4, A5, respectively,
and quantitatively in Figure 6B (blue and brown, respectively). As
in Figure 6A2, A3, the stripes in Figures 6A4, A5 become progres-

sively lighter, moving from the left bot-
tom corner to the right top corner.
However, the contrast is slightly lower, re-
flecting the fact that lack of age informa-
tion reduces the predictive power of the
model. Considering the log-likelihoods of
the two models, they are lower than those
of the models that incorporate age infor-
mation (p � 10�10 for each of the two
models for each of the four intervals com-
pared with the age-size model, see Materials
and Methods). Comparing the ssEM and
the size models, the ssEM was significantly
better than the size model (p � 10�10 for
each of the four intervals; see Materials and
Methods), suggesting that the incorpora-
tion of the two additional morphological
parameters increases the predictive power
of the model.

For comparison, we also considered a
naive model that makes predictions based
on the empirical frequencies in Figure 2B,
the survival probabilities that are inde-
pendent of spine age or morphological
features. In this model, the probability of
surviving to the t th imaging session is only
a function of t (formally we assume that
wV�t� � wS�t� � wD�t� � 0 and that
bi�t� � b�t�; see Table 1, “naive”). Be-
cause the naive model does not incorpo-
rate any spine-specific information, the
survival probabilities of all spines are
identical, as reflected in the vertical stripes
in the lifetime plot (Fig. 6A6).

Comparing the log-likelihood of the
data in the five models indicates that the
incorporation of the morphological pa-
rameters available in an ssEM experiment
substantially increases the likelihood of
the model and brings it close to a compre-

hensive model that contains information available only using
chronic in vivo two-photon spine imaging. The fact that even just
taking into account the size of the spine substantially contrib-
utes to the ability to predict the survival of a spine ( p � 10 �10

for each of the four intervals in comparison with the naive
model, see Materials and Methods) indicates that the models
can be used to infer structural dynamics from single time-
point experiments.

Discussion
In our study, we used chronic imaging of dendritic spines in the
mouse auditory cortex over a few weeks to study the dynamics of
neuronal network connectivity and the extent to which future
connectivity can be predicted from information available at a
single time-point. We first constructed a comprehensive model
that captures the independent contributions of age, size, and
other morphological parameters to the survival of a spine.
Second, we showed that the morphological features, even in
the absence of age information can be used to identify stable
and volatile elements. These results demonstrate how data
from ssEM experiments can be used to predict future network
connectivity.

Figure 6. Predicted survival probability of spines. A1, Lifetime plot of all spines present in the second imaging session (spines
1–998 and 1421–1937 in Fig. 1B). As in Fig. 1B, the presence of a spine is indicated by a thin horizontal black, and spines are sorted
by the order of their last appearance; spines that last appeared on the same session were randomly shuffled. A2, Predictions of the
comprehensive model that takes into account V, S, D, and the spines’ ages. A3, Predictions of the age-size model that takes into
account V and the spins’ age. A4, Predictions of the ssEM model that takes into account V, S, and D. A5, Predictions of the size model
that takes into account only V. A6, Predictions of a naive model prescribing a constant probability of turnover for all spines. A2–A6,
Order of spines is the same as in A1. Grayscale represents the probability of survival. B, Specific log2-likelihood of the empirical data
(A1) in view of the five models. Higher likelihood values correspond to a more accurate model. Error bars indicate 68% CIs. All
differences between models are significant ( p � 10 �8).
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No evidence of categorical classes of dendritic spines
Spines are often classified into distinct categories according to
their stability and according to their morphological features. If
dendritic spines can be divided into distinct classes that differ in
their turnover dynamics, then, in principle, the identity of a spine
within these classes is informative about its lifetime. However, we
did not find evidence for distinct spine classes. Regarding their
tenacity, in many studies, spines are classified as “stable” if they
persist throughout the imaging experiment and “transient” if
they appear or disappear during the experiment (Trachtenberg et
al., 2002; Holtmaat et al., 2005; Zuo et al., 2005; Majewska et al.,
2006; Loewenstein et al., 2011). However, the power law function
indicates that spines continuously stabilize with their age at mul-
tiple time scales. (Fusi et al., 2005; Yasumatsu et al., 2008; Minerbi
et al., 2009). This implies that age-dependent stabilization may be
a continuous process; therefore, the often used classification of
spines as “stable” or “transient” should be considered an opera-
tional definition, rather than reflecting the existence of two dis-
tinct populations of spines. Turnover characterized by a power
law implies that despite substantial spine elimination, a consid-
erable fraction of spines will last for a long period of time. For
example, according to the power law model with � � 1.384, half
of the spines that were present throughout the experiment (life-
time �20 d) were expected to survive for at least another 110 d.
Indeed, there is direct experimental evidence for spines in mouse
neocortex that are stably maintained for more than a year (Zuo et
al., 2005; Yang et al., 2009).

Regarding their morphology, spines are often characterized
as “mushroom,” “stubby,” or “filiopodia-like” (Peters and
Kaiserman-Abramof, 1970). We did not find evidence for dis-
tinct spine classes: considering the distribution of morphological
features as depicted in Figure 4, we did not observe clustering of
parameters or combinations of parameters, which could be

indicative of distinct spine classes. Therefore, we conclude
that the commonly used classification of spines according to
their morphology as ‘“mushroom,” “stubby,” or “filiopodia-like”
represent prototypical examples of a continuum (Holtmaat and
Svoboda, 2009). A continuum of morphologies has been re-
ported in a previous study, in which spine morphologies were
analyzed, with better resolution, using EM (Arellano et al.,
2007a). The lack of morphological classes motivated us to use in
our model continuous morphological variables to predict the
lifetime of spines.

An emulated ssEM experiment
It is generally thought that the dynamics of the architecture of
neuronal circuits play a crucial role in brain functions, such as
learning and long-term storage of memories. However, current
techniques for connectomic reconstructions do not allow for
measurements at multiple time-points and therefore inherently
lack information about network reconfiguration. Here, we tested
how far changes in network connectivity can be predicted at a
single time-point from particular morphological features of the
dendritic spine in the framework of a particular generalized linear
model, the logistic regression model. Our study is a first attempt
and, as such, sets a lower bound to the predictive power of such an
approach. Incorporating nonlinearities in the model may im-
prove its predictive power. For example, additional analysis sug-
gests that shape dependence of turnover is more substantial for
thinner spines than it is for rounder spines. Incorporating this
and similar results may result in better predictions, as well as
being the first step in providing biophysical insights to the depen-
dence of spine survival on the different morphological parame-
ters. It is also conceivable that the inclusion of additional
morphological features would improve the predictive power of
the model. Any feature of a spine that can be measured in vivo
over time and later be correlated with subsequent ssEM measure-
ment can be potentially used to predict the lifetime of a spine in
the framework of a connectomic study. Recent connectomic
studies have already taken into account not only the presence of a
synaptic connection between two neurons but also additional
subcellular morphological features, such as the size of the physi-
cal contact between two neurons (Helmstaedter et al., 2013). The
model for spine longevity based on morphological parameters
obtained from two-photon in vivo images can be directly utilized
when considering high resolution ssEM data. Furthermore,
markers for the molecular composition of a spine could also
provide additional valuable information about its stability (Cane
et al., 2014).

Volatility and stability in neuronal circuits
In this study, we identified morphological features that allow the
distinction between the more volatile and the more stable ele-
ments of a neuronal circuit (Tetzlaff et al., 2012). To what extent
does such a distinction help us understand connectivity ma-
trices and provide us with insight into the function of partic-
ular circuits?

Conceptually, there are two extreme interpretations with re-
spect to how the changes we observed in the network connectivity
affect the resultant network computations. One interpretation is
that the changes in spine configuration reflect functional changes
in the network. In this case, the changes in the circuit structure
may be the physical correlates of the acquisition of new memories
or new skills. According to this view, the observed plasticity un-
derlies the extraordinary capacity of the cortex to constantly re-
configure itself in response to new experiences even in the adult

Table 1. Parameters and natural likelihoods of different modelsa

Predicted survival interval (d)

4 8 12 16

Comprehensive model
b0�4 0.18 � 0.11 �0.79 � 0.12 �1.29 � 0.14 �1.66 � 0.16
b�4 1.38 � 0.08 0.81 � 0.08 0.52 � 0.08 0.14 � 0.08
wV 0.73 � 0.08 1.00 � 0.09 1.02 � 0.10 1.03 � 0.10
wS �0.35 � 0.07 �0.46 � 0.08 �0.49 � 0.08 �0.47 � 0.08
wD 0.12 � 0.07 0.26 � 0.07 0.32 � 0.07 �0.46 � 0.08
Loge-likelihood �757.7 �764.5 �757.6 �736.6

Age-size model
b0�4 0.11 � 0.11 �0.89 � 0.12 �1.40 � 0.14 �1.80 � 0.17
b�4 1.37 � 0.08 0.79 � 0.07 0.50 � 0.07 0.14 � 0.07
wV 0.69 � 0.08 0.94 � 0.08 0.96 � 0.08 1.04 � 0.09
Loge-likelihood �775.7 �789.8 �783.2 �768.7

ssEM model
b 0.95 � 0.06 0.28 � 0.06 �0.03 � 0.06 �0.38 � 0.07
wV 0.93 � 0.08 1.20 � 0.09 1.20 � 0.09 1.22 � 0.09
wS �0.38 � 0.07 �0.51 � 0.07 �0.53 � 0.07 �0.55 � 0.07
wD 0.14 � 0.07 0.29 � 0.07 0.36 � 0.07 0.51 � 0.08
Loge-likelihood �804.8 �837.7 �840.6 �807.4

Size model
b 0.92 � 0.06 0.25 � 0.06 �0.06 � 0.06 �0.38 � 0.06
wV 0.90 � 0.07 1.14 � 0.08 1.17 � 0.08 1.25 � 0.09
Loge-likelihood �828.8 �872.6 �877.8 �852.2

Naïve model
b 0.79 � 0.03 0.19 � 0.03 �0.05 � 0.03 �0.30 � 0.03
Loge-likelihood �940.6 �1043.2 �1049.6 �1032.7

aValues represent the least square error parameters. CIs were computed by resampling the spines 10,000 times and
computing the CI of the distribution of estimated parameters. All parameters were determined by independently
fitting each of the five models to the data.
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brain. In this framework, stable aspects of network configura-
tions could either represent older memories and/or essential scaf-
folds embedded into the circuit to ensure its proper operation.

However, it is also possible that network computations are
unaltered despite these changes in synaptic configurations. Ac-
cording to this second interpretation, the synaptic changes are
“orthogonal” to the directions of computation. In other words,
multiple network configurations are computationally equivalent
and the network drifts between these configurations while main-
taining the same function (Rokni et al., 2007; Marder, 2011;
Shomrat et al., 2011; Ajemian et al., 2013). The fact that a sub-
stantial fraction of the changes in network connectivity are pre-
dictable by a model that does not take into account external
experiences suggests that the changes we observe do not corre-
spond to the ongoing formation of new memories. This is in line
with the second interpretation.

The two interpretations are not necessarily mutually exclu-
sive. It is possible that some of the network changes are compu-
tationally significant, whereas others are not. One exciting
possibility is that the model may help distinguish between the two
types of changes: those that are predictable are independent of the
external inputs and hence may be computationally insignificant.
By contrast, those that are unpredictable may be related to func-
tional changes of the network. The idea is that a fully predictable
change in the connectivity cannot reflect the acquisition of novel
memories or skills because by definition, if the change is predict-
able then it does not contain any new information about the
environment. An unpredictable change, on the other hand, is
potentially (but not necessarily) the outcome of new information
stored in the neural system. The extent to which a change in the
network architecture is predictable is thus informative about the
likelihood that this change is associated with learning.

Notes
Supplemental material for this article is available at http://bio.huji.ac.il/
yonatanlab/spines/. There, the dataset analyzed in the study, including
the morphological parameters of all 3688 spines, is publicly available.
This material has not been peer reviewed.
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