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Supplementary methods.

Multivariate pattern analysis (MVPA) applied to fMRI and fPET data.

Multivariate pattern analysis (MVPA) allows to evaluate differences between conditions with
higher sensitivity than conventional univariate analysis by focusing on the analysis and
comparison of distributed patterns of activity (24, 25). MVPA is frequently framed within the
context of "brain decoding" applications, where distinct representational content can be
discerned from fMRI activity patterns after performing a "training" or "learning phase”. In this
perspective, MVPA tools are commonly denoted as classifiers or, in broader terms, learning
machines. Multivariate methods, including machine learning classifiers, prove to be highly
sensitive tools for gauging brain information due to their ability to detect complex, high-
dimensional mappings between spatially distributed patterns of brain activity and stimuli (33).
The two datasets (fMRI and fPET) were pre-processed using the same sets of operations (see
details in Data Preprocessing subsection). For the MVPA analyses, and following (/08) we used
normalized (i.e., transformation into a common reference space) and spatially smoothed data in
order to reveal signatures or “biomarkers” of the optogenetic stimulation that would generalize
across individuals. We applied whole-brain normalization to the fPET data to obtain 4D volumes
that represented the dynamic relative ['*F]JFDG uptake (time-activity) map (17, 19, 96). Prior to
trial extraction, fPET and fMRI time courses were standardized using z normalization. As
training exemplars for each class, response values were estimated for the individual optogenetic
stimulation and baseline trials. The estimated trial response was calculated as the mean of three-
minute time-span measurement points (i.e., duration equal to the length of the baseline blocks)
around the peak BOLD or glucose uptake response during the optogenetic stimulation blocks
relative to the correspondent pre-stimulus baseline activity. Using this strategy for both the fMRI
and fPET datasets allowed us to obtain the same number of exemplars in each class, 12 per
subject (6 per condition).

MVPA at the whole-brain level analysis using Spacenet classifiers and Searchlight.

We conducted whole-brain analysis employing SpaceNet classifiers sourced from the nilearn
python package (26). These classifiers leverage spatial priors and regularization techniques to
generate sparse yet structured coefficient maps. When the classifier achieves high out-of-sample
classification accuracy, the resulting coefficient maps can be construed as information maps,
indicating voxels wherein the collective activity carries discriminative information about the
respective class (/09-111). The SpaceNet classifiers were fit using 5-fold cross-validation and
validated using a left-out test set (20%). For whole-brain SpaceNet MVPA analysis we employed
a single train-test split approach to train and validate the model instead of cross-validation with
permutation testing. Unfortunately, conducting permutation testing with SpaceNet would
demand considerable computational resources, estimated at approximately 1500 hours per
subject. Consequently, while SpaceNet yields interpretable maps, evaluating its null distribution
presents a significant challenge.

Considering the above-mentioned limitations of the SpaceNet classifiers, we further performed a
searchlight decoding analysis (27). This approach involves sliding a spherical window (of Imm
radius for our analysis) throughout the entire brain to map local multivariate effects and
conducting independent decoding analyses within each sphere. We utilized the searchlight



implementation provided by nilearn (26), enabling us to acquire single-fold accuracy maps
necessary to perform inference.

Classically, the decoding performance (used to measure the ability of the classifier to distinguish
patterns associated with the different conditions included in the paradigm) is estimated separately
in each participant. These within-subject measurements are then combined at the group level, to
provide population-based inference, analogous to the standard hierarchical approach employed in
univariate activation analyses. Since several limitations of this group-level strategy have been
brought forward (/12-114), we here used a different classifier-based framework to assess
multivariate effects. This approach, referred to by distinct names such as across-subject
classification, subject-transfer decoding or inter-subject pattern analysis (/75-119), directly
operates at the group-level by exploiting data from all available individuals in a single analysis at
the group level: considering the data from all available individuals, the decoding performance is
evaluated using data from new participants, namely those who were not part of the classifier's
training dataset. When performing across-subject classification, a cross-validation of the type
leave-one-subject-out enables a quantitative evaluation of the results that allows drawing
inferences about the entire population from which the participant group was sampled, including
individuals for which no data was available (115, 119). Across-subject classification exhibits
enhanced sensitivity for detecting weak distributed effects and facilitates interpretation compared
to standard hierarchical MVPA approaches, which often require further scrutiny due to potential
ambiguities. Importantly, across-subject classification enables the identification of group-wise
invariants within functional neuroimaging patterns, rendering it an invaluable tool for discerning
neuromarkers or brain signatures, and offering a versatile framework for population-level
multivariate analyses (/79).

For our searchlight analysis we therefore employed a leave-one-subject-out cross-validation
approach, in which the model accuracy was repeatedly computed on the data from the left-out
subject. The approach trains on (n - 1) chunks, and classifies the remaining chunk, and repeats
this for every chunk, also called fold. We created one chunk for each subject: 16 chunks for the
fPET data and 18 chunks for the fMRI data.

To perform statistical inference at the group level, it is common practice to employ a t-test on
decoding accuracies: this test evaluates whether the null hypothesis of chance-level average
accuracy can be rejected, indicating the presence of a multivariate difference between conditions
at the group level. However, various criticisms have been raised in the literature upon this
approach, including concerns about the statistical distribution of classification accuracies (172,
120), the non-directional nature of identified group-information (//3), and the potential bias
introduced by confounding factors (/74). Consequently, alternative methods have been
developed [see, for example, (712, 120-122). Here, we employed a permutation test (Nichols &
Holmes, 2002) to address the aforementioned limitations. This method evaluates the significance
of the average accuracy at the group level in a non-parametric manner. Additionally, a
permutation test allowed us to keep computational cost within reasonable bounds, a requirement
that other alternatives, such as those suggested by (/22) might not fulfill. We utilized the
implementation provided by the SnPM toolbox (28) to analyze the accuracy maps from single-
fold (for the inter-subject cross-validation), conducting 1000 permutations and applying a
significance threshold of p < 0.05, corrected for family-wise-error (FWE).



MVPA ROI analysis.

For conducting MVPA ROI analysis, we performed an initial feature selection by considering
only those voxels within the right SN. Estimated responses across relevant voxels from the right
SN formed the feature vectors used to train the classifier. We evaluated a Gaussian Naive Bayes
classifier (GNB) on the fMRI and fPET datasets. Analogous to the searchlight analysis, to assess
multivariate effects, we used an across-subject classification approach. A positive result in this
framework implies that the model has learnt an implicit rule from the training data that yields
statistically significant generalization power on data from new subjects (//9). We employed a
leave-one-subject-out cross-validation for the MVPA ROI analysis. We tested the statistical
significance of the accuracy of prediction using a permutation test: assuming there is no class
information in the data, the labels can be permuted without altering the expected accuracy using
a given classifier and number of features (i.e., this would equal chance level) (28). We performed
1000 permutations of a leave-one-subject-out cross-validated MVPA, and evaluated a GNB
classifier with default parameters in Scikit-learn (26).

Functional and molecular connectivity analyses.

We used connectivity measures in order to attain a depiction of the optogenetic stimulation
effects on neural dynamics in our experiment. We performed seed-based connectivity analysis,
on both the fMRI and fPET datasets, to evaluate connectivity differences between optogenetic
stimulation and baseline blocks (29).

The striatum receives axonal projections from SN dopaminergic neurons and houses a large
population of GABAergic neurons. Consequently, we used the right striatum as seed region and
assessed connectivity differences in response to the optogenetic stimulation.

Preprocessing of the fMRI and fPET data was performed as already described (see details in
Data Preprocessing subsection) using SPM12 and the CONN toolbox (/23), running in
MATLAB (2019a, MathWorks, Inc.). The preprocessing steps included slice-timing correction,
motion correction, normalization (i.e., transformation into a common reference space) and spatial
smoothing. Following the procedure described in (/7, 19) we applied whole-brain normalization
to the fPET data, in order to obtain 4D volumes that represented the dynamic relative ['*F]JFDG
uptake (time-activity) map (96) A temporal high-pass filter with a cut-off frequency of 256 Hz
was further applied to the fMRI data, with the purpose of removing scanner attributable low
frequency drifts in the fMRI time series (92).

Seed-based connectivity analyses for fPET and fMRI data.

Functional connectivity depicts the temporal correlation of regional timeseries and is
conceptualized to represent dynamic interaction and information sharing between brain regions
(29), therefore characterizing spatially segregated functional networks at global scales. We
calculated functional connectivity for the fMRI and fPET datasets using the CONN toolbox
(123) in the form of seed-to-voxel analyses for assessing effects at the whole-brain level.
Temporal correlations for the right striatum seed were computed for all voxels in the brain using
a general linear model (GLM) for the contrast OGS > baseline. The functional connectivity
analyses produced seed-to-voxel parameter estimate images, which were entered into population-
level analyses. We report results thresholded at voxel level p < 0.001 (uncorrected) and cluster
level p < 0.05 (family-wise error [FWE] corrected for multiple comparisons) for a valid voxel-
wise inference approach (95).
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Fig. S1. BOLD-fMRI signal time courses of selected regions. Mean BOLD signal time courses over 95
minutes are shown for selected regions for ChR2 (n = 18) expressing rats. ChR2 expressing rats
responded to stimulation (highlighted in grey) with positive BOLD signal changes in the right striatum,
nucleus accumbens, amygdala, thalamus, midbrain and substantia nigra. Negative responses were
obtained in the contralateral striatum, nucleus accumbens, amygdala and right and left cortical regions.
Abbreviations: AMY, amygdala; MB, midbrain; MC, motor cortex; NAcb, nucleus accumbens; S1,
somatosensory cortex; SN, substantia nigra; STR, striatum; THA, thalamus.
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Fig. S2. %BOLD-fMRI signal changes and PET time activity curves in GFP rats. (A) Mean %BOLD
signal changes over 400 seconds are shown for selected regions of GFP (n = 12) expressing rats. (B)
Mean normalized ["®F]FDG time activity curves over 95 minutes are shown for selected regions of GFP
(n = 14) expressing rats. In both modalities, GFP expressing rats did not respond to stimulation
(highlighted in grey). Abbreviations: AMY, amygdala; MB, midbrain; MC, motor cortex; NAcb, nucleus
accumbens; S1, somatosensory cortex; SN, substantia nigra; STR, striatum; THA, thalamus.
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Fig. S3. ['*FIFDG-fPET and BOLD-fMRI activation on single animal level. (A) Mean BOLD signal
time courses over 95 minutes are shown for the striatum for one exemplary ChR2 and GFP expressing rat.
(B) Mean normalized time activity curves over 95 minutes are shown for the striatum of one exemplary
ChR2 and GFP expressing rat. Grey bars indicate 10-minute stimulation blocks. Abbreviations: ChR2,
channelrhodopsin-2; GFP, green fluorescent protein; STR, striatum.
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Fig. S4. c-fos immunohistochemical staining in the striatum. C-fos staining in the other two ChR2 and
GFP rats not shown in Fig. 7 is shown for the dorsal striatum in 1x and 10x magnifications. A higher
number of c-fos+ cells can be identified in the 10x magnification of the right striatum of the ChR2 rats.
Abbreviations: ChR2, channelrhodopsin-2; GFP, green fluorescent protein; I, left; r, right; STR, striatum.
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Fig. S5. Tyrosine hydroxylase immunohistochemical staining in the striatum and substantia nigra.
Tyrosine hydroxylase staining in one exemplary ChR2 and one GFP rat is shown for the striatum in 1%
and substantia nigra in 1% and 4x magnification. No qualitative left to right differences were identified in
neither of the regions. Technical reasons are responsible for an uneven distribution of the staining.
Abbreviations: ChR2, channelrhodopsin-2; GFP, green fluorescent protein; 1, left; r, right; SN, substantia
nigra; STR, striatum.
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Fig. S6. Selected regions of interest for quantitative analysis of c-fos immunohistochemistry. Three
regions of interest for c-fos quantification were drawn into the right and left, dorsal and ventral striatum
and right and left substantia nigra of each selected rat.
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Fig. S7. Optogenetic stimulation coding at the whole-brain level using MVPA Spacenet classifiers.
We trained multivariate classifiers to decode the optogenetic stimulation (vs. baseline) from patterns of
hemodynamic responses or glucose uptake. The displayed results show group-level analysis of SpaceNet
coefficient maps for the fMRI (top) and fPET (bottom) datasets, which can be interpreted as information
maps specifying voxels whose joint signal changes contains information about the class (i.e., optogenetic
stimulation). Abbreviations: AMY, amygdala; EC, entorhinal cortex; HYP, hypothalamus; INS, insular
cortex; MB, midbrain; NAcb, nucleus accumbens; SC, superior colliculus; IC, inferior colliculus; SN,
substantia nigra; STR, striatum; THA, thalamus; L, left; R, right.



Component Kurtosis Skeweness Variability Frequency

ICA_9 (0GS) 9.4702 1.5296 0.89649 0.0015126
ICA_7 6.1892 -1.1373 0.61559 0.0019337
ICA_5 6.0444 -0.029553 0.74643 0.0024379
ICA_1 5.9096 -0.92696 0.62911 0.0026374
ICA_3 5.5793 -1.6948 0.66834 0.0030253
ICA_6 5.1538 0.45623 0.71338 0.0029699
ICA_4 5.0307 0.20187 0.77642 0.002992
ICA_2 4.9093 0.3029 0.77882 0.0029532
ICA_11 4.8252 0.46421 0.81305 0.0027648
ICA_12 4.7691 0.42947 0.74488 0.0031804
ICA_18 4.5608 -0.071605 0.77426 0.0026208
ICA_16 4.1498 0.35611 0.92187 0.0031472
ICA_10 3.7893 0.17116 0.85876 0.0032524
ICA_13 3.4033 0.043359 0.86731 0.0030973
ICA_14 2.8282 0.045367 1.011 0.0031305
ICA_8 2.7453 0.034452 0.87565 0.0030862
ICA_20 2.6707 -0.013394 0.77546 0.0034574
ICA_15 2.5996 0.008139 0.80949 0.0029699
ICA_17 2.5655 -0.029454 0.77274 0.0032912
ICA_19 2.226 0.12018 0.79925 0.0028092

Table S1. Independent component analysis (ICA). Descriptive measures derived from the independent
component’s voxels values distribution for all 20 components (kurtosis sorted).



Brain region
(ROI)

R AMY

RHIP
posterior
R HYP

RMB
PAG
RSN
RS1
RINS
R NAcb
RSTR
RTHA

Distance Distance Dice

activation activation similarity
centers centers coefficient
[mm] [mm] BETWEEN
BETWEEN WITHIN
5.0 5.0 -
2.2 - -
1.6 2.1 0.277
2.1 2.7 0.165
1.9 1.0 -
1.3 0.9 0.026
- 2.8 -
- 3.7 -
0.9 -
1.2 2.9 0.548
3.5 - 0.024

Dice
similarity
coefficient
WITHIN

0.042
0.080
0.444
0.743
0.0221

Table S2. Distance of t-value peak location between fPET and fMRI and Dice similarity coefficient
(between- and within-group analysis). Abbreviations: AMY, amygdala; HIP, hippocampus; HYP,
hypothalamus; ICA, independent component analysis; L, left; MB, midbrain; PAG, periaqueductal gray;
R, right; SN, substantia nigra; STR, striatum; THA, thalamus; NAcb, nucleus accumbens; INS, insular
cortex; S1, somatosensory cortex.

Brain region (ROI)
Dorsal striatum
Ventral striatum

Substantia nigra

ChR2
Right Left Right
73 £4.0% 48 +5.6% 47 £6.7%
50+ 17% 42 +11% 44 +11%
87 £ 4.0% 82+5.5% 82+5.7%

GFP
Left

46 +2.5%

45+ 15%

86 +4.2%

Table S3. Percentage of c-fos+ cells. Abbreviations: ChR2, channelrhodopsin-2; GFP, green fluorescent
protein; ROI, region of interest.



ROI volume

Brain region (ROI) [mm?] # voxels Abbreviation
R/ L nucleus accumbens 7.9 993 NAcb
R/ L amygdala 21.1 2640 AMY
R/ L caudate putamen 435 5444 STR
R/ L auditory cortex 27.5 3440 AC
R/ L cingulate cortex 14.5 1810 Cg
R/ L entorhinal cortex 59.0 7377 EC
R/ Linsular cortex 21.1 2641 INS
R/ L medial prefrontal cortex 6.3 788 mPFC
R/ L motor cortex 32.6 4076 MC
R/ L orbitofrontal cortex 18.9 2367 OFC
R/ L parietal cortex 7.6 954 PaC
R/ L retrosplenial cortex 18.9 2365 RS
R/ L somatosensory cortex 71.6 8950 S1
R/ L visual cortex 36.1 4517 V1
R/h'i'::;jar:’nd:l::a' 25.1 3133 HIP ant.
R/ L posterior hippocampus 9.8 1223 HIP post.
R/ L hypothalamus 18.4 2294 HYP
R/ L olfactory cortex 14.0 1751 ocC
R/ L superior colliculus 7.1 892 SC
R/ L midbrain 11.4 1431 MB
Vi el "
R/ L cerebellum — grey matter 75.0 9374 CG
R/L cerer::::er:l — white 23.4 5938 W
R/ L inferior colliculus 5.7 718 IC
R/ L thalamus 30.7 3839 THA
medulla 58.2 2944 Med
periaqueductal gray 9.9 1238 PAG
pituitary gland 5.8 733 PG
septum 9.4 1170 Sep

Table S4. Characteristics and abbreviations of selected regions of interest (Schiffer rat brain atlas)
Abbreviations: L, left; R, right; ROL region of interest.



Region Cluster Peak Voxels Max t-value (z-value) Meant (std.) p-value (FWE)

Seed-based molecular connectivity (SBC)

Midbrain R* 0.55-2.8-1.2 581 10.38 (5.54) 5.04 (0.99) <0.0001
Substantia nigra R* 510 5.22(1.22) cl.
Hypothalamus R 200 4.46 (0.55) cl.
Substantia nigra L 10 3.99(0.22) cl.
Thalamus R 10 3.88(0.15) cl.

Seed-based functional connectivity (SBC)

Striatum R* 4.52-3.23.6 4949 18.81 (7.16) 8.11(2.39) <0.0001
Amygdala R* 739 6.97 (1.74) cl.
Nucleus Accumbens R* 586 6.45 (1.01) cl.

Table S5. Functional and molecular connectivity. Results are shown at threshold p < 0.001 voxel-level
uncorrected, p < 0.05 cluster-level FWE-corrected; * markings show brain regions with significant signal
changes at voxel-level FWE-corrected p < 0.05). Results of group seed-based connectivity (SBC) analysis,
with the right striatum as seed region for the contrast optogenetic stimulation vs. baseline. The regions
described showed stronger positive functional/metabolic connectivity with the seed region during the
optogenetic stimulation compared to baseline. Abbreviations: L, left; R, right; Cl., areas integrating the
above detailed cluster-level p-value.



Region Coordinates Voxels Mean t (std.)
fMRI - Searchlight

Striatum R 54-162 4442 5.48 (1.07)
Thalamus R 1.22-281.6 1399 4.92 (0.89)
Midbrain R 0.55-2.6-2.8 1027 5.54 (1.37)
Substantia nigra R 0.11-2.8-1.6 512 4.85 (0.91)
Hypothalamus R 2.1-3.24 320 4.49 (0.69)
Nucleus accumbensR  1.88-2.47 123 6.61 (0.91)
Insular cortex R 6.28-22.2 97 4.96 (1.01)
Substantia nigra L -0.54-2.8-1.6 76 5.82 (1.59)
Amygdala R 54-342.2 44 5.38 (1.07)
Hypothalamus L -2.62-4.47 1.61 41 4.59 (0.74)
Thalamus L -0.97-1.113.19 38 4.11 (0.43)
Nucleus accumbens L -1.49-3.376.18 27 4.76 (0.89)
fPET - Searchlight

Hypothalamus R 0.11-4-1.4 740 5.07 (0.91)
Thalamus R 2.54-20.99 671 5.16 (1.18)
Substantia nigra R 0.99-3.6-1.4 565 5.35(1.11)
Midbrain R 2.1-3.2-2.8 425 4.84 (0.74)
Striatum R 2.54-1.64.8 173 4.16 (0.40)
Substantia nigra L -0.55-2.8-1.5 78 5.38 (0.70)
Amygdala R 3.42-3.8-1.2 20 4.22 (0.54)
Amygdala L -3.56-5.30 2.16 19 4.69 (0.95)
Hypothalamus L -0.32-3.20.99 18 4.38 (0.75)
Nucleus accumbens L 11 4,21 (0.33)
Thalamus L -0.98 -2.4 -6.55 8 4.13 (0.30)

Table S6. Searchlight analysis. Regions where searchlight-based classification analysis discriminates
between optogenetic stimulation vs. baseline trials (searchlight classification >60%, whole-brain cluster-
corrected p < 0.05 via comparison with 1000 random permutations). Coordinates denote the 3D center of
gravity of each region. Abbreviations: L, left; R, right.
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