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Cue-reward associations form distinct memories that can drive appetitive behaviors and cravings for both drugs
and natural rewards. It is still unclear how such memories are encoded in the brain’s reward system. We trained
rats to concurrently self-administer either alcohol or a sweet saccharin solution as drug or natural rewards,
respectively. Memory recall due to cue exposure reactivated reward-associated functional ensembles in rewardrelated brain regions, marked by a neural cFos response. While the local ensembles activated by cue presentation
for either reward consisted of similar numbers of neurons, using advanced statistical network theory, we found
robust reward-specific co-activation patterns across brain regions. Interestingly, the resulting meta-ensemble
networks differed by the most influential regions, which in case of saccharin comprised the prefrontal cortex,
while for alcohol seeking control shifted to insular cortex with strong involvement of the amygdala. Our results
support the view of memory representation as a differential co-activation of local neuronal ensembles.
This article is part of the special issue on ‘Neurocircuitry Modulating Drug and Alcohol Abuse’.

1. Introduction
Rewards drive many of our daily life activities based on learned re
lationships to specific signals and contexts. Natural rewards including
food secure survival, but also drugs possess rewarding properties, and
cue-drug reward associations can result in addictive behaviors (Kelley
and Berridge, 2002). Impaired control of reward seeking contributes to
craving, a phenomenon often reported by addicted individuals and a
DSM5.0 criterion for alcohol and substance use disorders (American
Psychiatric Association, 2013).
The pursuit and consumption of rewards as well as the addictive
properties of drugs are mediated by activation of mesolimbic reward
circuits (Lüscher, 2016). These include primarily the highly

interconnected ventral tegmental area (VTA), nucleus accumbens (NAc)
and medial prefrontal cortex (mPFC). Further prominent
reward-associated brain regions encompass the orbitofrontal cortex
(OFC), anterior cingulate cortex (ACC), amygdala and insular cortex
(IN) (Fein and Cardenas, 2015). While the IN plays a role in balancing
appetitive drives and higher cognitive control functions (Naqvi et al.,
2014; Droutman et al., 2015), the mPFC and OFC are crucial for the
control of reward seeking behavior, value attribution and decision
making (Heidbreder and Groenewegen, 2003; Goldstein and Volkow,
2011; Rich et al., 2018). The amygdala is prominently associated with
anxiety, emotional control and addiction (Lüthi and Lüscher, 2014).
On the cellular level, cue-reward associations are thought to be
encoded in neuronal ensembles within the reward system (e.g. Koya
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et al., 2009; Pfarr et al., 2015; Warren et al., 2016). Neuronal ensembles
represent local, eventually sparsely distributed, neuronal populations
that are characterized by coordinated spatiotemporal activity and reli
able re-activation during a specific task (Hebb, 1949; Tonegawa et al.,
2015; Holtmaat and Caroni, 2016; Josselyn and Tonegawa, 2020). En
sembles linked to memory processes can be detected by the expression of
immediate-early response genes such as cFos (Morgan and Curran, 1991;
Kaczmarek, 1993; Cruz et al., 2013, 2015). cFos-defined neuronal en
sembles controlling the seeking of natural and drug rewards have been
identified mostly in prefrontal areas, NAc and the amygdala (Bossert
et al., 2011; Koya et al., 2009; Pfarr et al., 2015; Warren et al., 2016:
Suto et al., 2016; Laque et al., 2019). Specific ablation of the
alcohol-associated ensembles in the mPFCs infralimbic region (IL), as
well as the central nucleus of the amygdala (CeA), impairs control over
the seeking behavior (Pfarr et al., 2015; de Guglielmo et al., 2016).
However, the ensembles for drug and natural rewards are overlapping
and of similar size (Cameron and Carelli, 2012; Pfarr et al., 2018),
raising the question how reward-specific associations are encoded in the
reward system.
We used cFos expression to assess differences in the activation of
neuronal ensembles during cue-induced seeking of natural and drug
rewards in reward-associated brain regions. To ensure a common
learning history, rats were trained to concurrently self-administer
alcohol or saccharin – a sweet solution serving as natural reward.
Under these conditions, cue-presentation activated the memory for the
paired reward and induced seeking behaviour. This memory recall
activated neuronal ensembles of similar size in all brain regions exam
ined. Nevertheless, when looking at co-activation patterns, we found
robust differences in the representation of alcohol and saccharin specific
memories by differentially forming reward-specific meta-ensembles.
These meta-ensembles were identified using advanced network analysis
based on graph theory, an approach that is widely used to examine e.g.
social networks, and has more recently been adopted to neuroscience
(Bullmore and Sporns, 2009). Graph analysis presents a powerful
theoretical frame work to describe activation patterns of distinct brain
regions as functional properties of neuronal network representations.
Therefore, anatomically defined brain regions are treated as nodes of the
network and the correlation of the activity-related cFos expression in
each pair of brain regions as edges. Advanced weighted network analysis
then allows the extraction of statistical features that can capture
fundamental properties of individual nodes in a network as well as the
local and global topology. The alcohol-related meta-ensemble was
characterized by a weaker but more uniform correlation structure
resulting in a weakly, uniformly co-active network, whereas the
saccharin condition recruited a more highly correlated and clustered
meta-ensemble. Importantly, the most important brain regions of the
two meta-ensemble networks were profoundly different. Prelimbic and
orbitofrontal cortices were most central for saccharin seeking, while
control shifted to the insular cortex during alcohol seeking, during
which the central amygdala was also important to the network. Overall,
our graph theory approach points to the importance of communication
networks formed by meta-ensembles for memory engrams rather than
size of local neuronal populations.

care and use of laboratory animals and were approved by the local an
imal care committee (Regierungspräsidium Karlsruhe, Karlsruhe,
Germany).
2.2. Experimental design
All rats were trained to concurrently self-administer 10% (v/v)
ethanol or saccharin (Sigma-Aldrich, Taufkirchen, Germany) solutions
under an operant conditioned paradigm. In order to yield similar
numbers of lever presses for both rewards, the concentration of the
saccharin solution was adjusted to match the average performance on
the ethanol lever. After reaching comparable baseline response rates for
both rewards all animals underwent random self-administration sessions
for ethanol and saccharin until the baseline response stabilized. After
wards, rats were subjected to five extinction sessions and one cueinduced reinstatement session for each reward separated by three days
in a counterbalanced manner. Rats were then assigned to a final rein
statement session for either the ethanol or saccharin cue in a counter
balanced manner, based on their behavioral performance. After this
final reinstatement session, the animals were sacrificed and cFos activity
levels were determined in reward-related brain areas by immunohisto
chemistry for cFos.
2.3. Behavioral procedures
The behavioral procedures have been described in detail before
(Pfarr et al., 2018). Briefly, all animals were trained in standard operant
chambers (MED Associates, Fairfax, VT, USA) on a two-reward condi
tioning protocol for concurrent self-administration of 10% (v/v) ethanol
as a drug reward and saccharin as a sweet, natural reward. The animals
were trained to associate a distinct combination of discriminative (ol
factory) and contingent (visual) cues with each reward. Furthermore,
the animals had to discriminate between an active lever (activating
contingent cue and reward delivery) and an inactive lever (no pro
grammed consequences). The contingent cue consisted of a light blink
ing for 5 s after the correct (active) lever had been pressed. The blinking
time and frequency were independent of the reward presented. The
odors (discriminative cues, orange and lemon grass) were not counter
balanced in order to maintain large cohorts of similarly treated animals
and thus gain statistical power for analysis. Although anxiolytic prop
erties of sweet orange scent have been described (Faturi et al., 2010), we
did not observe any obvious preferences of the rats for either of the odors
(data not shown). Active and inactive lever presses were recorded and
saccharin concentration was adjusted to match the self-administration
performance for both rewards. After matching both rewards, the ani
mals underwent eight randomized self-administration sessions to reach
a stable baseline. The intake of the animals did not differ between
significantly between rewards (Fig. S1A) although some animals showed
slight preferences for either of the rewards (Fig. S1B). Then, the animals
underwent five extinction sessions, during which no cues and rewards
were presented. The extinction procedure aimed to remove any associ
ations between the context (operant chamber) and the reward, the an
imal may have formed, without disrupting the cue-reward association
(odor). After reaching the extinction criterion of <10% of baseline
performance, the animals underwent counterbalanced cue-induced
reinstatement sessions for each reward. During cue-induced reinstate
ment sessions, conditioned cues were presented, but correct lever re
sponses did not lead to reward delivery. Five days after reinstatement
session 1 and 2 (one session for each reward), the animals were equally
divided into two groups based on their cue-induced reinstatement per
formance and underwent a final cue-induced reinstatement session
(reinstatement 3) for either ethanol or saccharin seeking behavior
(Fig. 1A). Data on the behavioral performance are summarized in
Table 1. A detailed statistical analysis is given in (Pfarr et al., 2018).
Importantly, despite similar self-administration responses for both re
wards, there is a significant difference in responding under

2. Materials and Methods
2.1. Animals
A total of 28 male Wistar rats (Charles River, Sulzfeld, Germany,
initial weight 250–300 g) were used in the experiments. Only male rats
were used to avoid interferences between the female hormone cycle and
the behavioral results. The rats were housed in groups of four under a 12
h light/dark cycle with food and water available ad libitum in the home
cages. Behavioral testing was performed during the dark phase of the
light/dark cycle from 6:00 a.m. to 6:00 p.m., 5 days per week. All ex
periments were conducted in accordance with the EU guidelines for the
2
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Fig. 1. Presentation of alcohol- and saccharin-associated cues recruits neuronal ensembles of similar size across multiple reward-related brain regions. A: Experi
mental timeline for the two reward operant conditioning training consisting of ethanol (EtOH, black) and saccharin (Sac, white) self-administration (SA), extinction
(EXT), counterbalanced cue-induced reinstatement (RE1/2) of ethanol, and saccharin seeking, followed by the final cue-induced reinstatement for either ethanol or
saccharin (RE3). B: Representative images of NeuN and cFos immuno double-labeling in the aIN and the CeA after ethanol and saccharin reinstatement (RE3). Arrows
indicate cFos-expressing cells. C: Quantification of cFos and NeuN double-labeled neurons in ten reward-related brain regions and the primary motor cortex (n = 14/
reward except VTA: n = 11 (EtOH) and 10 (Sac)). Results are expressed as the fraction of double-labeled neurons. Data is presented as mean ± SEM. * = p < 0.05
(two-way ANOVA, main effect of group). Brain region labels: ACC = anterior cingulate cortex, aIN = anterior insular cortex, BLA = basolateral amygdala, CeA =
central amygdala, IL = infralimbic cortex, M1 = primary motor cortex, NAcC = nucleus accumbens core, NAcS = nucleus accumbens shell, OFC = orbitofrontal
cortex, PL = prelimbic cortex, VTA = ventral tegmental area.
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Table 1
Behavioural data (for experimental paradigm see Fig. 1A).
Active Lever presses
Experimental phase
All animals (n = 28)
Baseline self-administration (BL)
Extinction (EXT)
Reinstatement 1 + 2 (RE 1 + 2)
Animals re-assigned for RE 3 (n = 14/group)
Baseline self-administration (BL)
Extinction (EXT)
Reinstatement 3 (RE 3)

Inactive lever presses

EtOH

Sac.

EtOH

Sac.

87.51 ± 8.91
4.96 ± 0.87
49.39 ± 4.16 *$

85.94 ± 13.38
4.82 ± 0.57
39.32 ± 3.44 $

17.08 ± 1.45
4.82 ± 0.59
13.39 ± 1.92

16.02 ± 1.67
4.96 ± 0.87
12.82 ± 1.29

109.4 ± 11.22
5.64 ± 1.23
58.64 ± 4.43 *$

83.81 ± 19.62
5.43 ± 0.80
40.00 ± 3.00 $

19.02 ± 1.50
4.86 ± 0.86
22.71 ± 3.33

14.60 ± 1.70
4.64 ± 1.18
17.29 ± 3.58

EtOH, ethanol; Sac, saccharin Data presented as mean ± sem. * = p < 0.05 when compared to saccharin. $ = p < 0.001 when compared to extinction.

reinstatement conditions. Under the present experimental conditions,
rats assign a higher reward value to the 10% ethanol solution compared
to the saccharin solution which was diluted to match self-administration
baseline responses. This effect was consistently seen across several co
horts and in break point experiments, too. Thus, the difference in
behavioral responding provides clear evidence that the rats completely
understood the contingencies of the experiment and did not respond in a
generalized manner. For details and further discussion see Pfarr et al.,
(2018).

our study does not suffer from a to narrow data base.
Data was analyzed in a semi-automated way using custom-written
Matlab (MATLAB, Mathworks, Natick, MA, USA) procedures as
described before (Pfarr et al., 2018). In brief, to determine the per
centage of neurons (NeuN-positive objects) that expressed cFos (NeuNand cFos-positve objects), both channels were first smoothed by a 2D
Gaussian filter (sigma = 3 pixels, 1 pixel = 0.459 μm) before the in
tensities of the channels were binarized. The thresholds for the binar
ization were chosen such that 95% of the NeuN signal and 98% of the
cFos signal were defined as background pixels. Thresholds were calcu
lated for each frame individually to compensate for decreasing in
tensities deeper in the tissue. The NeuN signal was eroded by removing
two pixels from the edge of the signal and a connected components
analysis with a connectivity of 26 was performed for both channels.
Only objects with a minimum of 500 voxels were included in further
analyses. The centers of mass of these objects were determined in the
respective channel. NeuN- and cFos-positive objects were regarded as
co-localized if their centers of mass lay within 10 μm of each other, as
identified by close proximity analysis. The results of the co-localization
analysis were confirmed by manual inspection.

2.4. Immunohistochemistry
Ninety minutes after the final cue-induced reinstatement session,
animals were transcardially perfused with 100 ml PBS followed by 100
ml of 4% PFA in PBS. This time point was chosen because of the maximal
cue-induced cFos protein expression (Kasof et al., 1995; Cruz et al.,
2013). Brains were removed and postfixed overnight at 4 ◦ C in fixative
(4% PFA in PBS). PFA was removed by 3 washes in PBS before the brains
were cut into 70 μm thick slices on a vibratome (VT1000S, Leica). Slices
were stored in cryoprotectant solution (1x phosphate buffer: 40% (v/v),
glycerole: 30% (v/v), ethylene glycol: 30% (v/v)) at − 20 ◦ C until further
usage.
Antibody staining was performed on cryoprotected, fixed brain slices
containing brain regions of interest. Therefore, slices were washed three
times in TBS (0.025 M Tris-Hcl, 0.5 M NaCl) before blocking for 1 h in
TBS supplemented with 0.2% Triton X-100, 7.5% normal goat serum
and 2.5% BSA. Primary antibodies directed against NeuN (Millipore,
Darmstadt, Germany, Cat#: MAB377, RRID:AB_2298772; mouse,
monoclonal, 1:250 dilution) and cFos (Cell Signaling Technology Cat#
2250, Lot numbers 9, 10 and 11, RRID:AB_2247211, Danvers, MA;
rabbit, monoclonal, 1:500 dilution) were applied in blocking solution at
4 ◦ C overnight. After three washes with TBS, appropriate Alexa-dye
conjugated secondary antibodies (Thermo Fisher, Darmstadt, Ger
many, 1:1000 dilutions) were applied in TBS containing 0.2% Triton X100 for 1 h at room temperature. Finally, slices were rinsed three times
with TBS and mounted in Mowiol (Merck, Darmstadt, Germany).
Stained brain sections were examined by confocal microscopy using
a Leica TCS SP5 microscope (Leica Microsystems, Wetzlar, Germany)
equipped with a 63x HCX PL APO (1.45 NA) objective. The regions of
interest (IL, PL, ACC, OFC, aIN, M1, NAc shell, NAc core, CeA, BLA and
VTA) were identified by anatomical landmarks and their NeuN signal.
on each hemisphere. To avoid sampling bias, three sampling fields were
randomly distributed within the regions‘ border in each slice and image
stacks were acquired without prior examination of the cFos signal at
these positions. Images were acquired with the following parameters:
image resolution: 512 × 512 pixels, voxel size: 0.459 × 0.459 × 2.519
μm, image dimensions: x,y = 234.32 μm, z = 2.52 μm. Two slices per
region and animal were examined, yielding a total of 6 sampling fields
per region, containing hundreds of neurons and thus providing a solid
data base for further analysis. Of note the results of the cFos analysis in
IL are in good agreement with our previous studies (Pfarr et al., 2015,
2018) that relied on a larger number of slices per animal, indicating that

2.5. Graph analysis
In studies of functional networks, in which the strength of links is
calculated as a correlation value – such as Pearson’s correlation coeffi
cient as used here – links that are based on weak correlations are often
removed by thresholding, resulting in a binary network suitable for
standard analysis. However, thresholding is arbitrary and the results are
highly sensitive to the applied threshold value. To circumvent such
problems, we applied weighted network analysis, which does not
eliminate weak correlations but uses the whole correlation matrix.
However, to prevent weak connections from being overrepresented,
weighting factors are assigned to assure that weak correlations will have
only limited effects on network measures. Therefore, weak links will
rarely be part of shortest paths or have profound effects on communi
cation efficiencies, unless they are meaningful in terms of network
structure or information transfer. Moreover, weighted network analysis
also provides a consistent way of comparing networks obtained from
different experimental conditions, as applying a given threshold could
result in networks of different densities making interpretation difficult.
2.5.1. Hierarchical clustering
Hierarchical clustering is performed on the networks using the Ward
variance minimization algorithm (Ward, 1963). It starts from all areas
being in different clusters and at each step it merges two different
clusters such that an objective function – in our case Ward’s minimum
variance criterion - is optimized. This agglomerative process can be
illustrated through a dendrogram. (Ward, 1963).
2.5.2. Centrality measures
To identify the most important nodes within each graph we focused
on the degree, closeness and betweenness centralities (Newman, 2010).
4
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Due to the fully connected (complete) nature of the graph with positive
and negative links, we use weighted versions of these centrality mea
sures. In case of the weighted degree (also called strength) we add the
absolute value of the weights of links attached to a node: si = Σj |wij|. The
absolute values were used to account for strong negative correlations
which are equally important.
In case of closeness and betweenness centralities we calculated the
shortest path between node pairs after defining the length (or resistance)
of the links. In our case edge weights correspond to correlation values.
Thus, stronger correlations (even if there are negative correlations)
would naturally mean smaller resistances and shorter distances. An
intuitive way of defining the length (resistance): lij = -ln(|wij|), was used
in anatomical brain networks by Ercsey-Ravasz and colleagues (Erc
sey-Ravasz et al., 2013). The authors argued that edge weights could be
considered as bandwidth of information transfer, so as a first approxi
mation the probability for the information to travel from i to k through
node j would be proportional to wijwjk. Using the logarithmic form makes
these values additive and the shortest paths will indicate routes where
information flows with the highest probability. Using this definition, we
calculated the shortest paths rij between all node pairs which is defined
as the path with the minimum resistance (length). Closeness centralities
were calculated as Ci=(N-1)/Σjrij. (Freeman, 1979).
The normalized betweenness of a node is: Bi = 2/((N-1)(N-2)) * Σjk
σ jk(i)/σ jk, where σ jk is the number of shortest paths between j and k and
σ jk(i) is the number of shortest paths going through node i (Freeman,
1977). In a weighted network like this (weights are real values), usually
σ jk = 1, so the sum in Bi simply counts the number of shortest paths in the
whole network that go through node i.

- wEtOH
is unlikely to be
that the experimentally observed value for wSAC
ij
ij
observed by chance under the null hypothesis and can thus be consid
ered significant. Different ratios of occurrences and thus significance
levels are defined by pij < α = 0.1 = *, pij < α = 0.05 = ** and pij < α =
0.01 = ***. Since randomization analysis does not rely on any
assumption about the distribution of data points and/or errors, but
instead calculates the network parameters thousands of times from a
randomized data set and compares the results with the ones obtained
from the “true” test values, it is much more sensitive to significant dif
ferences in complex data sets than traditional tests. Of note, we would
like to emphasize that we were not aiming to assign a single p-value to
the difference between the two networks. Instead, we determined the pvalues for the change that occurs in edge weight, and thus correlation,
between the two reward conditions for each pair of brain regions
separately. A correction for multiple testing is not necessary because the
edge weights and the resulting network parameters are not based on
independent measurements but instead influence each other strongly,
thereby resembling voxels in an fMRI study. To cope with the problems
inheriting significance calculations for data in which values are strongly
depending on each other, we also compared the experimentally
observed real-world networks to randomized null networks (Fornito
et al., 2016). Here, the randomization analysis described above allowed
for the construction of the null model which was built in the same way as
GSAC and GEtOH described above. 14 random animals out of the 28 were
randomly extracted and the Pearson correlation coefficients between the
cFos activation values of areas i and j were calculated. In order to decide
which properties are truly meaningful (Fornito et al., 2016), we also
calculated some of the relative measures.

2.5.3. Communication efficiency
To determine how efficiently information can flow between nodes in
the two networks, we looked at two different communication efficiency
measures. The global communication efficiency (Latora and Marchiori,
2003) is defined as the mean of the conductance (inverse of the resis
∑
tance) between all node pairs: Eg = N(N−1 1) r1ij . The local communica

3. Results
To gain further insight into the organization of the reward system in
response to the presentation of different reward-associated cues, we took
advantage of a cohort of rats (n = 28) that had been trained in an op
erant conditioned, two-reward self-administration task in a previously
published study (Pfarr et al., 2018, their cohort 2) (Table 1). This task
ensured that all animals had the same training history. Moreover, the
concentration of the saccharin solution was adjusted for matched motor
performance, i.e. lever pressing, during self-administration for the two
rewards. This adjustment ensured that the animals were roughly equally
motivated to administer both rewards. However, rats were still slightly
more motivated to receive the alcohol reward as compared to saccharin,
as indicated by slightly but significantly higher number of lever presses
(Table 1) and a higher progressive ratio (Pfarr et al., 2018). Under
reinstatement conditions rats showed slightly but significantly higher
number of lever presses for the EtOH reward (Table 1). This difference
was observed across several cohorts of animals, indicating that rats
understood the contingencies of the task and did not simply generalize
the behavior (for further discussion see Pfarr et al., 2018). For the final
reinstatement test, rats were split into two groups (counterbalanced for
their behavioral performance), subjected to one of the
reward-associated cues and sacrificed (Fig. 1A). Neuronal activation was
assessed by expression of the activity-induced immediate early response
marker cFos (Kaczmarek, 1993), which is widely used to examine
neuronal ensembles across different brain areas and allows to detect
changes in neuronal activity integrated over the duration of the entire
reinstatement session with cellular resolution in multiple brain regions
simultaneously (e.g.: Cruz et al., 2013; Cruz et al., 2015). Of note, we do
not know whether temporal aspects of the reward action (saccharin
being immediately rewarding, ethanol acting with a delay) impact the
recall of the ethanol-associated memory. However, ethanol solutions
have sufficient qualities (e.g. smell, taste, viscosity) that will be recog
nized immediately and trigger the retrieval of the memory and the
associated
neuronal
response.
Here,
we
compared
reinstatement-induced activation of neuronal ensembles in 10
reward-related brain regions: infralimbic cortex (IL), prelimbic cortex

i,j

tion efficiency (Vragović et al., 2005) is calculated as follows: El =
∑ 1
∑ 1
1
N
di (di − 1)
rjk/i , where j and k are neighbors of node i, and rjk/i is the
i

j∕
=k∈{i}

shortest path between j and k after the removal of node i and its links
from the original graph (di is the number of neighbors of node i). Prac
tically this measures how efficient is the communication between the
first order neighbors of node i, without using the links connecting them
to node i. This local measure is then averaged over all nodes.
2.5.4. Statistical analysis
cFos counts were analyzed by two-way ANOVA followed by Bon
ferroni post hoc test using Prism 5.0 software (Graphpad software, La
Jolla, CA) Data are presented as mean ± SEM.
Randomization analysis was used to estimate the significance of
differences between GSac and GEtOH for the correlation values, central
ities and communication efficiencies. Each network was obtained from
measurements performed on a group of 14 animals and randomization
was done in the following manner: we randomly choose 14 animals from
all 28 to be in group A and the rest will be in group B. The new GA and GB
graphs are constructed in the same manner as the original GSAC and
GEtOH networks were built. A total of 10,000 randomizations (re-sam
plings) were performed. Increasing the number of resampling iterations
did not change assignments of significance. During statistical testing, the
null hypothesis is that the edge weight w of a given link i – j is the same in
the alcohol and the saccharin condition, meaning wSAC
- wEtOH
= 0. In
ij
ij
EtOH
> 0, the question arises whether the
cases in which Δwij = wSAC
ij -wij
deviation from the null hypothesis is significant (Δwij < 0 can be handled
similarly). Based on the 10,000 resampling iterations, the p-value of a
link weight (pij) is calculated by determining the fraction of resampling
B
iterations in which wA
ij -wij >Δwij. A small ratio of occurrences indicates
5
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Fig. 2. Differences in co-activation patterns in ethanol and saccharin induced networks. A: Edge weight distributions in the two networks GSAC and GEtOH. B:
Differences in Pearson correlation coefficient in ethanol and saccharin induced networks (Δ = EtOH-Sac). Stronger correlations in the ethanol vs. the saccharin
condition appear in red, weaker correlations in blue. Significant correlation differences are framed in black and green (p < 0.05 and p < 0.1, respectively; determined
by randomization analyses with 10.000 iterations). C: Hierarchical clustering of brain regions according to their Pearson correlation coefficients. Note the modular
structure of the saccharin induced network as compared to the non-modular network recruited by ethanol cues. D: Matrices of edge weights relative to the null model
are shown on log scale: ln(|wij|/<|wij|>0) (red stronger, green weaker than random). Brain region labels: ACC = anterior cingulate cortex, aIN = anterior insular
cortex, BLA = basolateral amygdala, CeA = central amygdala, IL = infralimbic cortex, M1 = primary motor cortex, NAcC = nucleus accumbens core, NAcS = nucleus
accumbens shell, OFC = orbitofrontal cortex, PL = prelimbic cortex, VTA = ventral tegmental area.

(PL), anterior cingulate cortex (ACC), orbitofrontal cortex (OFC), ante
rior insular cortex (aIN), nucleus accumbens core (NAcC), nucleus
accumbens shell (NAcS), central amygdala (CeA), basolateral amygdala
(BLA) and ventral tegmental area (VTA). Additionally, we examined the
primary motor cortex (M1), which does not belong to the reward system
but controls the motor output of the animal. The fraction of neurons

activated (ratio of cFos-expressing cells to cells expressing the
pan-neuronal marker NeuN) during seeking for either reward was
similar in all brain regions examined (Fig. 1B, and Figs. S2–4). M1, ACC
and OFC showed the highest fraction of activated neurons whereas
relatively few neurons were activated in the NAc and amygdala
(Fig. 1C), consistent with previous results on reward seeking (Kufahl
6
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et al., 2009; Bastle et al., 2012; Zhou et al., 2014; Augier et al., 2017).
2-Way ANOVA indicated a significantly higher cFos induction in the
ethanol condition, but no specific regional differences between condi
tions could be identified (Fig. 1C). Moreover, none of the regional cFos
counts were correlated to behavioral performance, i.e. active lever
presses.

resulting graphs GEtOH and GSAC are thus weighted and fully connected
with weights in the [-1, 1] interval.
Comparison of the correlation matrices revealed striking differences
between the ethanol and the saccharin induced co-activation patterns.
The edge weight distributions in the two conditions showed consider
able differences between the two reward conditions (Fig. 2A). The dis
tribution of edge weights in the saccharin condition had a sharp peak at
+0.25 but otherwise showed relatively uniform values (0.1–0.5) be
tween − 0.6 and +0.8. In contrast, ethanol reinstatement resulted in an
edge weight distribution that showed uniformly high probabilities be
tween − 0.2 and +0.6, but extended only marginally beyond this range.
The uniformly high probability values in a narrow edge weight range are
indicative of a homogeneous network with few strongly negative or
positive correlations. A broad distribution of edge weights on the other
hand suggests to a highly structured network with distinct, strongly
correlated or anti-correlated brain regions. The difference in the corre
lation of the brain regions was also observed when comparing the two
correlation matrices directly (Fig. 2B, Fig. S5). The saccharin network
showed consistently higher correlations between brain regions than the
ethanol network (blue color in Fig. 2B). The notable exception was the
CeA, which was significantly stronger correlated with most brain regions
in the ethanol condition (Fig. 2B). However, this is due to the strong
negative correlation of the CeA with the other brain regions in the
saccharin condition (Fig. S5). Other regions that showed pronounced
differences in their correlated activity between conditions were PL, OFC,

3.1. Distinct organization of neuronal networks recruited by ethanol or
saccharin reinstatement
Given the high similarity of regional ensembles activated by the
ethanol and saccharin reinstatement tests, we hypothesized that the
differences in the cue-induced recall of an ethanol- or saccharin-related
memory is not in the absolute or relative numbers of activated neurons
in a single brain region e.g. the size of a single neuronal ensemble, but
rather in the co-activation of neuronal ensembles across multiple brain
regions. Therefore, we investigated potential interactions between the
local neuronal ensembles by determining the Pearson correlation co
efficients between the 11 brain regions in both conditions (Fig. S5).
Based on the Pearson correlation coefficients, two graphs were
defined separately for the two conditions: GEtOH and GSAC. In these
networks, the brain regions examined were represented as nodes (N =
11). The edge weights wij. for any pair of nodes (i,j) were calculated as
Pearson correlation coefficients between the cFos activation values of
areas i and j in the 14 animals of the respective group (EtOH or SAC). The

Fig. 3. Different global and local communication efficiencies in ethanol and saccharin networks. A: Plots of the absolute global communication efficiency Eg in
ethanol (blue) and saccharin-associated (red) networks when degrading the network by taking out the links one by one starting with the weakest link. B: Absolute
local communication efficiency El in ethanol (blue) and saccharin-associated (red) networks when degrading the network by taking out the links one by one starting
with the weakest link. The dashed black lines and the grey areas represent average and standard deviation of efficiency values obtained from random networks
(10,000 iterations). Therefore, the dashed line is equivalent of the null model. Intervals with significant differences are presented with colored lines at the bottom: *
= p < 0.1 (green), ** = p < 0.05 (red), *** = p < 0.01 (blue). C, D: Relative global and local efficiencies Eg/<Eg>0 and El/<El>0, respectively in ethanol (green) and
saccharin-associated (purple) networks when degrading the network by taking out the links one by one starting with the weakest link.
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aIN and BLA. We did not observe strong correlations between the VTA
and the NAc in either condition. This could be due to a general low cFos
activity in the NAc or the notion that the VTA to NAc connection is
especially important during the formation of reward-associated mem
ories while the recall of these memories relies more on the connection
between VTA and the dorsal striatum (Lüscher, 2016; Heinz et al.,
2020). We next wanted to gain further insight into the structure of the
networks active during reward seeking in the two conditions. Hierar
chical clustering (see Materials and Methods) was applied to the GSAC
and GEtOH Pearson correlation coefficient matrices to investigate
whether correlated activity is found preferentially between regions of
the same greater brain structure (e.g. cortical areas), or whether
co-active regions are scattered across the brain during reward seeking.
For the saccharin condition, this approach revealed a network topology
with three highly correlated clusters; one within the prefrontal and
neocortical areas, a second consisting of the NAc and M1 regions, and a
third, weaker correlated cluster was formed by the amygdala and the
VTA (Fig. 2C, left). Surprisingly, such distinct clustered patterns were
not observed during ethanol reinstatement resulting in a relatively
uniform network topology (Fig. 2C, right). Thus, reward seeking after
recall of the saccharin memory appears characterized by increased
connectivity between neighboring regions or functional modules, while
ethanol seeking seems to involve more uniformly distributed
co-activation patterns with a prominent, higher participation of the CeA
compared to the saccharin condition.
The randomization analysis employed to identify significant changes
in the two networks allowed the generation of a null model (G0) similar
to GSAC and GEtOH. G0, was built in 10.000 iterations based on the data of
14 randomly chosen animals, irrespective of the reinstatement condi
tion, and the absolute edge weights <|wij|>0 were calculated for each
link. The reward-associated networks GSAC and GEtOH were compared
with the null model by calculating the relative edge weights (|wij|/<|
wij|>0). Log-scale graphing of the relative edge weights revealed that the
network recruited during saccharin reinstatement is much closer to the
null model than the one recruited by ethanol reinstatement (Fig. 2D, see
Figs. S5E and F for exact values). Interestingly, the comparison of GEtOH
to the null model revealed dramatically weaker correlations (links) in
neuronal ensemble activity between key regions involved in reward
seeking. These weaker links included mPFC - NAc, mPFC - amygdala,
mPFC - VTA and VTA - NAc. Of note, we used the absolute value of
weights for the remaining analysis as averaging without the absolute
value would result in values close to zero which are hard to interpret.

respectively (Fig. 3C and D). Interestingly, the two reward conditions
showed deviations from the null model. While in the saccharin condition
relative communication efficiencies were higher than 1 (corresponding
to the null model), they remained below 1 in the ethanol condition.
Thus, the absolute and relative communication efficiencies indicate that
information transfer during presentation of ethanol-associated cues is
weakened.
3.3. Distinct brain regions are central for the ethanol and saccharin recall
networks
To identify key nodes crucial for network function, we used three
centrality measures (degree centrality, closeness and betweenness) that
reveal information on the importance of a node for controlling the
network. Considering unweighted networks (Fig. 4A), the degree cen
trality defines the number of directly connected nodes thus identifying
the most highly connected node of the network. Closeness centrality is
defined as the reciprocal of the sum of the shortest paths from one node
to all the other, i.e. how long it takes to reach all other nodes of the
network. Finally, betweenness centrality is defined as the number of
shortest paths between two nodes that run via a certain node that means
how much of the communication in a network is transmitted via the
node (Fig. 4A). Importantly, we are using weighted graphs and the
weighted versions of the centralities are applied (see Materials and
Methods), but the meaning is highly similar.
For all three measures, PL and OFC were consistently the highest
ranked nodes in the saccharin network. In contrast, aIN and amygdala
ranked highest in the ethanol-associated network. The mPFC areas that
show high centrality measures in the saccharin condition have low ranks
in the ethanol condition, indicating a less important role (Fig. 4B). Of
note, all brain regions show low closeness values in the ethanolassociated network, probably reflecting the less modular network to
pology which does not contain closely connected brain regions (Fig. 4B).
Moreover, both amygdala regions (CeA and BLA) ranked very differently
in the centralities of both reward-associated networks. While the CeA
showed medium ranks in the saccharin condition, it ranked second
highest in the centralities of the ethanol condition, indicating a more
important function in this network. Even more drastic was the change in
centrality measures observed for the BLA. The BLA ranked among the
lowest centrality measures under saccharin reinstatement, but was third
when the ethanol-associated cue was presented, suggesting a strong
influence of the BLA on the ethanol-associated network (Fig. 4B). These
differences become also clearly visible in the graphical representations
of the two networks (Fig. 5).
This analysis suggests that control over the networks recruited upon
recall of distinct reward memories can be exerted by very different brain
regions. Here, the saccharin network is governed by prefrontal regions
known to be involved in the performance of operant conditioned tasks
and reward valuation. During recall of the ethanol memory, regions
signaling internal states, such as insula and amygdala, seem to take up a
more central role.
Given that engrams of both memories need to be present in all ani
mals, this means that control over the brain’s reward network can be
flexibly shifted according to the external contingencies, and that the
reward specific engram is likely represented in a meta-ensemble at the
level of network communication rather than neural activity of local
ensembles.

3.2. Information flow is altered in ethanol-associated networks
Graph theory provides powerful tools to gain insight into the orga
nization of and information flow within complex networks, and can help
to identify key regions crucial for network function (Bullmore and
Sporns, 2009). To gain insight into the communication properties be
tween the brain regions under the two reward conditions, we investi
gated the information flow within the cue-induced ethanol and
saccharin networks by determining the global and local communication
efficiencies (Eg and El, respectively, see definitions in Material and
Methods for details). The information flow in the network, was assessed
by calculating the values for Eg and El by taking out the weakest links one
by one in the order of the absolute value of their weights (Fig. 3A and B).
The efficiencies in the cue-induced ethanol graph GEtOH are smaller than
in GSAC. This difference is more significant in case of the global efficiency
and mainly at the beginning and at the end of the degrading process
(Fig. 3A and B). Because of the higher modular structure of GSAC, its Eg
starts to decrease earlier when taking out the weak links (Fig. 3A), which
are the ones connecting the different modules, so that the network falls
apart earlier. However, the El drops later (almost at the end) in GSAC than
in GEtOH (Fig. 3B), showing that local communication is more efficient
because of the higher modular structure. Furthermore, we calculated the
relative communication efficiencies as Eg/<Eg>0 and El/<El>0,

4. Discussion
In the present study, we combine concurrent two-reward operant
behavioral testing and cFos-activity monitoring with advanced mathe
matical network analysis. This novel approach allowed us to provide
evidence that cue-associated memories underlying seeking behavior for
drugs and natural rewards are encoded in meta-ensembles forming
communication circuits, rather than in unique neuronal ensembles of
8
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Fig. 4. Centrality analysis identifies different brain
regions to be most important in the saccharin and
ethanol networks. A: Scheme illustrating the three
centrality measures used. B: Quantification of ab
solute weighted degree centrality, closeness cen
trality and betweenness centrality of the different
brain regions in the saccharin (Sac.) and ethanol
(EtOH) networks. Brain regions whose centrality
measures are significantly different between EtOH
and Sac conditions are printed in green and red (p
< 0.1 and p < 0.05, respectively, randomization
analysis, 10,000 iterations). Brain region labels:
ACC = anterior cingulate cortex, aIN = anterior
insular cortex, BLA = basolateral amygdala, CeA
= central amygdala, IL = infralimbic cortex, M1 =
primary motor cortex, NAcC = nucleus accumbens
core, NAcS = nucleus accumbens shell, OFC =
orbitofrontal cortex, PL = prelimbic cortex, VTA =
ventral tegmental area.
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Fig. 5. Schematic representation of the networks
recruited by saccharin and ethanol cues. Brain re
gions (nodes) that are part of one cluster are shown
in the same color. The size of the nodes is pro
portional to their betweenness centrality (see
Fig. 4). The black outline identifies the most
important node of the network. The thickness of
the line is proportional to the Pearson correlation
coefficient, positive correlations are shown in red,
negative ones in blue. The double-headed arrow
indicates that animals can rapidly switch between
the two network states depending on the cue pre
sented. Brain region labels: ACC = anterior
cingulate cortex, aIN = anterior insular cortex,
BLA = basolateral amygdala, CeA = central
amygdala, IL = infralimbic cortex, M1 = primary
motor cortex, NAcC = nucleus accumbens core,
NAcS = nucleus accumbens shell, OFC = orbito
frontal cortex, PL = prelimbic cortex, VTA =
ventral tegmental area.

In this study, the recall of the alcohol memory activated a signifi
cantly higher number of cFos positive neurons compared to the
saccharin cue, but we were unable to identify any discernable differ
ences among the analyzed brain regions, since no brain region showed
significant differences on its own. However, our experimental and
analytical approach has two statistical advantages compared to the
majority of studies published. First, we used a relatively large cohort of
animals (n = 28) and limited the number of brain regions examined.
Thereby we harnessed sufficient statistical power that would allow us to
identify significant effects and is not confounded by multiple testing.
Second, our network analysis (see below) relied on randomization an
alyzes to assign significance to differences during saccharin and ethanol
seeking. Since randomization analyzes is in essence a kind of resampling that re-calculates the assessed network parameters thousands
of times and compares them to the ones obtained from the “true” test
values, it does not rely on any assumption about the distribution of data
points and/or errors which makes it much more sensitive to significant
differences in complex data sets than traditional tests. In fact, highly
overlapping regional activity for different rewards has been reported
previously, both on the level of neuronal ensembles (Cameron and
Carelli, 2012; Pfarr et al., 2018), as well as in human and animal im
aging studies (Noori et al., 2016; Dudek et al., 2015). Moreover, it has
been shown that neuronal ensembles of similar size but with different
projection targets intermingle in the same brain area mediate behavioral
responses depending on the history of cue-exposure and reward seeking
(Warren et al., 2019). Complex ensemble structure thus hampers the
analysis of reward specific memory ensembles, calling for new analysis
approaches. However, we would like to point out that the definition of
neuronal ensembles by cFos expression integrates neuronal activity over
the entire test situation and prevents the single neuron specific analysis
during specific actions such as single lever press.
To further elucidate the mechanisms underlying reward specific
memory encoding we employed graph analysis. This approach captures
fundamental properties of individual nodes in a network and of the local
and global topology (Palla et al., 2005; Bullmore and Sporns, 2009).
Here we defined the regional cFos ensembles as nodes and the correla
tion values of their cFos co-activation as links to study their assembly
into large-scale networks. The application of graph analysis to the
mathematical network constructed from the neuronal activity data
enabled us to gain insight into the structure of the reward-associated
meta-ensembles. Interestingly, the topologies of the two
reward-associated networks differed strongly. The saccharin network
generally showed stronger correlation between regions and had a clus
tered structure, while the ethanol network showed weaker correlations
and a less modular structure. Moreover, the global efficiency of infor
mation flow was significantly higher in the saccharin network. Of note,

specific brain areas. Furthermore, the analytical framework established
here, allows the identification of neuronal networks properties that are
distinct for two rewards that elicit very similar neuronal activity on the
level of single brain regions. It thus provides insights into distinctive
features trigger seeking-behavior for specific rewards. The metaensembles described here would have probably gone unnoticed with
classical statistical analysis. Memory encoding in meta-ensembles (Cruz
et al., 2013; Josselyn and Tonegawa, 2020) occurs by the co-activation
of neuronal ensembles across multiple reward-related brain regions and
our network analysis showed that these meta-ensembles are governed by
different brain regions depending on the nature of the reward. Given
that all animals had the same learning experience, we thus show that the
exposure to cues associated with a natural and a drug reward instantly
can result in profoundly different states of circuit organization.
The approach to define neuronal ensembles and investigate network
structure presented here, has several advantages. Rats were trained on a
concurrent two-reward operant seeking task whereas most other studies
reported till date used separately trained animals for different rewards.
Importantly, the two-reward seeking task ensures that all animals had
established both cue-reward associations and thus could form both
memory engrams. Although the animals were similarly motivated to
obtain both rewards, able to clearly distinguish between them and did
generalize, i.e. responded irrespective of the reward (Table 1; Pfarr
et al., 2018), the two rewards clearly differ in distinct aspects (e.g.
palatability, smell, caloric value) that may be important for the assign
ment of the intrinsic reward value. Thus, our experimental paradigm
focusses on comparing the two reward-associated meta-ensembles. We
did not attempt a comparison with a basal control state (e.g. a home cage
condition) for two reasons. First, meta-ensembles apparently represent
fluctuating states as they can be recruited rapidly upon specific de
mands. It is therefore unclear how to interpret any basal network
structure compared to the task-triggered conditions used here. Secondly,
previous studies have shown that basal cFos expression is much lower in
many brain regions compared to the number of cFos positive neurons
after reinstatement (e.g. Zhao et al., 2006; de Guglielmo et al., 2016,
2019). Such low numbers would result in a substantially higher vari
ability in estimating the fraction of cFos positive cells, which in turn
prevents any sensible inference on properties of the network.
Neuronal activation during cue-induced reinstatement was robustly
detected by immunostaining for the immediate-early response marker
cFos, which allowed the simultaneous detection of neurons that had
changed their activity at some point during the final reinstatement
session in multiple brain regions. cFos expression has been causally
linked to specific behavioral, neurochemical and electrophysiological
responses (Sommer et al., 1996; Strömberg et al., 2004), and more
recently to memory processes (Cruz et al., 2013).
10

M. Wandres et al.

Neuropharmacology 195 (2021) 108496

about the representation of drug and natural rewards in the brain. In
fact, they support a scenario in which natural and drug reward seeking
activate similar neuronal ensembles in the brain’s reward system. But
these ensembles show different co-activion patterns and thus form
differently connected meta-ensembles. Of note, distinct neuronal en
sembles activated by either reward in specific brain regions are impor
tant in controlling distinct aspects of the reward-seeking behavior but
they do not constitute the entire representation of a certain cueassociated reward memory. However, depending on the actually pre
sented cue, the brain is able to flexibly remap on the meta-ensemble
level to encode the respective task. This remapping is highly likely to
ultimately rely on synaptic plasticity induced by Hebbian mechanisms
or changes in neuronal excitability. Moreover, the structure of these
meta-ensembles in control of alcohol and saccharin seeking is funda
mentally different. While the natural reward recruits a modular,
strongly co-activated network controlled by the PFC, presentation of a
drug-associated cue changes the network structure to non-clustered,
weakly co-activated and predominantly controlled by the insular cor
tex and the amygdala (Fig. 5). It is intriguing to speculate that the
alcohol-specific shift to a weaker connected network structure may
contribute to the far higher propensity of drugs to lose control over
consumption than natural rewards (Matzeu and Martin-Fardon, 2018).
Importantly, the use of cFos as a marker for neuronal activity has two
limitations. First, post-mortem cFos detection is a “snap-shot” that in
tegrates neuronal activity over a period of time during which the animal
performed a distinct task but was also otherwise active. Secondly, the
specific mechanism of neuronal cFos induction in a given neuron are
unknown with respect to the precise triggering events, as are the con
sequences of the expression of this transcription factor. In fact, it has
been shown that neuronal ensembles of similar size but with different
projection targets that intermingle in the same brain area mediate
behavioral responses depending on the history of cue-exposure and
reward seeking (Warren et al., 2019). These two features of cFos
expression, low temporal resolution and mechanistic uncertainty, limit
the use of this marker in behavioral studies. Although mapping of
regional cFos expression is widely used to describe “active” brain re
gions, direct correlations between the number of cFos-expressing neu
rons and behavioral performance (e.g. lever presses) are rarely reported.
This is also true for present study, as we were unable to identify a sig
nificant correlation between the cFos expression in a particular brain
region and the reinstatement activity. Consequently, an a priori
knowledge-based selection of brain regions is required, which carries
the inherent risk of missing potentially important or interesting brain
regions. Thus, any properties ascribed to a cFos derived network can
only apply to this specific case; here the selection of regions commonly
implicated in reward seeking. Another limitation of our study the size of
the network analyzed. Small networks are highly unpredictable in their
response to perturbation, often resulting in either a lack of effect or a
catastrophic failure (Reis et al., 2014). Since the behavioral task
employed here is rather complex, it is expected that information flow
between brain regions occurs via multiple pathways, a notion supported
by our analysis of global and local communication efficiencies (Fig. 3).
Hence, blocking one of these paths may result in a re-routing of infor
mation flow with little effects on the animals behavior as seen in recent
studies using chemogenetic inhibition (e.g. Haaranen et al., 2020a, b).
Results of perturbation experiments in small networks would be difficult
to interpret. However, despite these limitations, the principle conclu
sions derived from our experiments remain valid.
In summary, this study provides an experimental and analytical
framework for distinguishing the representation of two quite similar
associative memories. Such an approach will be useful to study how
specific properties of a reward can be encoded. We also established a
robust statistical framework for a graph theoretical approach to the
study of memory representation and demonstrate its suitability and
versatility using a small network of 11 nodes. Our results show that
memory recall of the two rewards induced distinct, clearly separable

differences between levels of local communication efficiency are smaller
between the two networks. This may suggest that information on both
reward memories may be transmitted similarly on the local level but
differently in the long-range communication within the network. This
scenario is also supported by the more modular topology of the
saccharin network as compared to the ethanol condition. In addition to
these observations based on the analysis of networks constructed from
absolute values, we also analyzed relative values for the two reward
conditions. These relative values were obtained by comparison of the
two networks with a null model generated by randomization analysis.
Interestingly, we observed relatively mild deviations of the relative edge
values from the null model for the saccharin condition. However, in the
ethanol condition relative edge weights between key regions of the
reward system (VTA, amygdala, mPFC) were lower than in the null
model. Moreover the ethanol-recruited meta-ensemble possesses a lower
information flow than expected from the null model. These observations
again imply that the co-activity between key regions of the reward
system is reduced during ethanol reward-seeking, leading to a different
meta-ensemble compared to saccharin reward.
For inference on the importance of individual nodes within the
network, we investigated network centrality. Among the number of
available centrality measures (Newman, 2010), we focused on weighted
degree, closeness and betweenness centrality, as each of these provides
biological relevant information on different network properties. The
region with the highest degree connects most strongly to all other nodes,
having the strongest correlations with other regions. These strong links
also assure that the resistance of information flow (shortest paths) is
small and that the closeness centrality will be high. Moreover, the
betweenness also depends on these shortest paths and is related to in
formation flow. However, its value also derives from the structure of the
network; modular vs. random in our study. By the combination of these
three centralities measures we identified brain regions that are most
important (suggesting control) in the alcohol and saccharin networks.
Saccharin recall recruits a network that is organized into three
functional modules consisting of the PFC, the NAc and the amygdala
together with the VTA (Figs. 2C and 5A). This resembles a typical
mesolimbic reward circuit (Lüscher, 2016). The network formed by
these three clusters is governed by the PFC regions PL and OFC, as
suggested by their centrality measures. Both regions are implicated in
goal-directed reward seeking, including for alcohol and sweet solutions
(Moorman, 2018; Moorman and Aston-Jones, 2015; Sangha et al.,
2014).
The meta-ensemble recruited during alcohol seeking on the contrary
does not consist of distinct co-active clusters of brain regions (Fig. 2C).
Here, cFos activities are far less correlated between brain regions.
Importantly, in the alcohol network aIN and the amygdala show the
highest ranked centrality measures, which is in striking contrast to the
saccharin network where these regions rank low. The aIN and the
amygdala are both known to be involved in the representation of in
ternal states - drive, emotions and also the response to sensory experi
ences. In the latter respect, alcohol and saccharin are fundamentally
different since saccharin only affects a sensory modality (sweet taste),
while alcohol represents a multimodal stimulus (taste, smell, calories,
pharmacological effects). Thus, the representation of alcohol-associated
memories by the amygdala and insula is highly plausible. Although our
animal model does not represent any features of pathological alcohol
consumption, it is important to note that existing literature strongly
implicates these regions in alcohol consumption and addiction and as
targets for treatment development (Augier et al., 2018; George and
Hope, 2017; Heilig et al., 2019). Of note, two recent studies presented
compelling evidence that the aIN is strongly involved in controlling
alcohol consumption in different rat models of abnormal drinking be
haviors (Haaranen et al., 2020a; Scuppa et al., 2020).
These insights into the way reward-associated memories are recalled,
the structure of the underlying neuronal network and the identity of the
most important brain regions in the network foster a new way to think
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meta-ensembles in which different brain regions were the most impor
tant ones and which were dynamically formed on demand. Studies of
larger networks are emerging (Kimbrough et al., 2020) and may over
come some of the limitations discussed above. However, unless the
statistical issues arising from large numbers of brain regions are suffi
ciently addressed, inference from such studies is limited.
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silencing of the insula, amygdala, nucleus accumbens, and their connections
differentially modulate alcohol drinking in rats. Front. Behav. Neurosci. 14, 580849.
Hebb, D.O., 1949. The Organization of Behavior: a Neuropsychological Theory. Wiley.
Heidbreder, C.A., Groenewegen, H.J., 2003. The medial prefrontal cortex in the rat:
evidence for a dorso-ventral distinction based upon functional and anatomical
characteristics. Neurosci. Biobehav. Rev. 27, 555–579.
Heilig, M., Augier, E., Pfarr, S., Sommer, W.H., 2019. Developing neuroscience-based
treatments for alcohol addiction: a matter of choice? Transl. Psychiatry 9, 255.
Heinz, A., Kiefer, F., Smolka, M.N., Endrass, T., Beste, C., Beck, A., Liu, S., Genauck, A.,
Romund, L., Banaschewski, T., Bermpohl, F., Deserno, L., Dolan, R.J., Durstewitz, D.,
Ebner-Priemer, U., Flor, H., Hansson, A.C., Heim, C., Hermann, D., Kiebel, S.,
Kirsch, P., Kirschbaum, C., Koppe, G., Marxen, M., Meyer-Lindenberg, A., Nagel, W.
E., Noori, H.R., Pilhatsch, M., Priller, J., Rietschel, M., Romanczuk-Seiferth, N.,
Schlagenhauf, F., Sommer, W.H., Stallkamp, J., Ströhle, A., Stock, A.K., Winterer, G.,
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