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Highlights:

Whole-brain neural activity mapping identifies the regional and spatial difference of morphine-
administration and withdrawal neuronal ensembles.

BRANCH, a hierarchical statistical testing framework, offers increased sensitivity and
anatomical interpretability for whole-brain datasets.

TRAP2-based activity tagging reveals brain-wide separation of acute morphine and withdrawal
ensembles at the cellular level.

A systematic analysis of the whole brain neural activity data combined with spatial
transcriptomic data revealed molecular features of opioid-related neural ensembles.

Running title:
Spatial, cellular, and molecular investigation of morphine administration and withdrawal neural
ensembles
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Summary:

How opioid exposure and withdrawal states shape brain activity at the systems and circuit level
remains poorly understood. Here, we use whole-brain, cellular-resolution c-Fos mapping to define
brain-wide activity patterns and neuronal ensembles associated with morphine administration and
withdrawal. To account for the brain’s anatomically nested structure, we developed and applied a
hierarchical statistical framework that detects region-specific changes in activity and outperforms
conventional methods that treat brain regions as individual, unrelated units. These distributed signals
formed ensembles with consistent and anatomically structured patterns of activity, both within
subregions and across multiple connected brain areas. By combining TRAP2-based activity tagging
with acute whole-brain c-Fos staining, we identified morphine- and withdrawal-activated ensembles
and found that they are largely non-overlapping at the single-cell level, even within the same brain
region. Integration with existing spatial transcriptomics datasets identified molecular markers for these
state-specific ensembles in key brain areas such as the nucleus of accumbens, amygdala and ventral
tegmental areas. Lastly, by integrating Allen mouse whole-brain transcriptional datasets, we identified
the molecular identity of the morphine- administration and withdrawal ensembles. These findings
define dissociable neuronal ensembles that encode opposing drug states and introduce a scalable
framework for linking whole-brain activity to molecular and circuit-level mechanisms.
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52  Introduction:
53  Opioids engage widespread neural systems that regulate reward, pain, motivation, and stress'3. The
54  ftransition from acute drug exposure to chronic use and withdrawal involves major shifts in brain
55  function, including changes in the circuits that encode positive and negative motivational states*.
56  These neurobiological transitions, from the rewarding and analgesic effects of initial opioid
57  administration to tolerance with repeated use and then to the dysphoria and stress of withdrawal, are
58  thought to drive compulsive drug seeking and high relapse risk®¢. Among the vast variety of opiates,
59  morphine is most widely used in clinical settings due to its potent analgesic properties and efficacy in
60 managing moderate to severe pain through well-characterized pharmacokinetics. At the molecular
61 level, morphine acts primarily through p-opioid receptors (MOR), with significantly lower affinity for k-
62  opioid (KOR) and &-opioid (DOR) receptors. These are broadly distributed across the brain but exhibit
63  region- and cell type-specific expression patterns’, which are considered to contribute to the complex
64  and heterogeneous effect of opiate drugs. Given this complexity, it is essential to characterize how
65  opioid-associated molecular signals manifest within specific neural circuits.
66 Historically, insights into opioid-induced neural activity have largely come from studies
67  targeting specific brain regions within reward-related circuits. Foundational work from Berridge and
68 colleagues has shown that the behavioral effects of opioid signaling can be organized at a fine
69 anatomical scale, conceptualized as the opioid hedonic "hotspots—coldspots"®'"; a model which
70  suggests that brain structures in the reward system contains anatomically distinct functional sub
71 regions that encode the hedonic value of opioids. Microinjections of opioid agonists into restricted
72  subregions of structures such as the nucleus accumbens'? and ventral pallidum' can strongly
73  enhance hedonic ‘liking” reactions, whereas injections into adjacent zones can suppress these
74 behaviors'4. These hedonic hotspots and coldspots reveal that opposing behavioral effects can arise
75  from closely neighboring neuronal populations, emphasizing the need for high-resolution, spatially
76  precise mapping to understand how opioids influence brain function. Despite considerable progress
77  in defining the neural mechanisms of opioid action, most studies have focused on a limited number of
78  brain regions, particularly canonical reward and aversion centers such as the nucleus accumbens,
79  ventral tegmental area, amygdala, and periaqueductal gray. These efforts have relied heavily on
80 hypothesis-driven approaches that cannot detect distributed or noncanonical networks. Analyses are
81 often performed at the level of gross anatomical regions, which ignores the brain’s nested anatomical
82  structure and can obscure fine-scale spatial patterns. Moreover, the molecular identity of neurons
83  within these state-specific neural ensembles remains largely unknown, posing a challenge for
84  investigating their functional properties using modern genetic tools.
85 Recent advances in whole-brain tissue clearing and light-sheet imaging have enabled high-
86  throughput, cellular-resolution mapping of immediate early gene (IEG) activity'>'6. These techniques
87  offer a powerful means to analyze the spatial, cellular, and molecular properties of neural ensembles,
88  owing to the highly standardized datasets they produce. Indeed, whole brain mapping of opioid-related
89  neural activity has been conducted in several studies’’—??, but they lacked comprehensive analysis of
90 the spatial and cellular distribution of opioid administration and withdrawal ensembles. In this study,
91 we introduce and apply a pipeline for hierarchical and spatial analysis of brain-wide expression of c-
92 Fos, a widely used IEG, across multiple morphine-related states in mice. We applied a brain-wide
93  regional analysis with control for hierarchy that leverages the brain’s anatomically nested structure to
94  detect region-specific changes in activity with greater sensitivity and anatomical interpretability than
95 conventional region-by-region testing. This method revealed key brain regions and hierarchical
96  structures that are differentially engaged across morphine-related states. Further building on these
97  findings, we mapped MOR+ cells across the brain to determine how receptor expression correlates
98  with morphine-induced neural ensembles. We next classified neural ensembles to identify functional
99 clusters of brain regions that co-activate during administration, withdrawal, or both. We then resolved
100 these distributed activity patterns into anatomically structured ensembles using semi-negative
101 normalized matrix factorization approaches and determined their cellular specificity using genetic
102  tagging of neural ensembles combined with whole-brain c-Fos immunolabeling. Even in regions with
103  elevated activity in both administration and withdrawal, we found that the underlying neuronal
104  populations were largely distinct. Importantly morphine- administration and withdrawal aligned with the
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105  hotspot—coldspot framework, particularly in the nucleus accumbens. Finally, we integrated the results
106 with existing spatial transcriptomics datasets to identify candidate molecular markers in key morphine-state
107  encoding brain regions. This multiscale approach defines dissociable neuronal ensembles that encode
108 opposing drug states and establishes a generalizable framework for linking brain-wide activity to
109  molecular and circuit-level mechanisms.

110 Results:

111 Whole brain neural activity during distinct morphine-related states

112  To investigate how the brain responds to distinct phases of morphine exposure and withdrawal, we
113 performed cellular-resolution, whole-brain activity mapping using c-Fos immunolabeling combined
114  with tissue preservation and clearing. c-Fos protein is a well-established molecular marker of
115 increased neuronal excitability, which we use here as an approximation of neural activity. We collected
116  brain tissue from six experimental groups (Figure 1A). To assess the acute response to morphine,
117  one group received a single injection of 20 mg/kg morphine and was perfused two hours later (acute
118  group). A control group received saline and was perfused on the same schedule (saline group). To
119  examine the effects of repeated drug exposure, a chronic group received twice-daily injections for
120  seven days with escalating doses from 0.1 to 20 mg/kg, followed on the eighth day by 20 mg/kg
121 morphine and perfusion two hours later. To model early spontaneous withdrawal, another group
122  received the same escalating morphine schedule but saline on the final day (earlyWD group). To
123  examine the impact of drug re-exposure after abstinence, a re-exposure group underwent the same
124  seven-day morphine regimen, remained drug-free for 21 days, then received 20 mg/kg morphine and
125  was perfused two hours later. A late withdrawal group followed the same schedule but received saline
126  on the final day (lateWD group).

127 We processed brains with tissue preservation reagents?3, followed by active delipidation and
128  antibody staining. Samples were imaged using light-sheet microscopy, registered to the Unified Mouse
129  Brain Atlas?*, and analyzed with a high-performance computing pipeline to quantify c-Fos—positive cell
130  counts by region and in voxel space. On average, brains contained 1.8 + 0.6 x 10° c-Fos—positive cells
131 (mean + SEM), with saline and late withdrawal groups showing fewer counts than other conditions
132  (Figure 1B). We then performed regression analysis on voxelated c-Fos data to generate predictive
133  activation maps, which reflect changes in c-Fos counts relative to baseline while controlling for non-
134  experimental variables (Figures 1C and 1D). This analysis revealed widespread activation, most
135  prominently in ventral striatum, prefrontal cortical regions, and the amygdala. To determine which of
136 these activity changes were statistically robust and anatomically interpretable across the brain’s
137  nested structure, we next applied a statistical testing procedure tailored to whole-brain datasets to
138  compare morphine and withdrawal states.

139

140 BRANCH testing identifies hierarchical brain regions engaged across morphine-related states
141 To systematically identify brain regions engaged across distinct stages of morphine treatment, we
142  quantified c-Fos—positive (c-Fos+) cell density across the entire brain and developed brain-wide
143  regional analysis with control for hierarchy (BRANCH), a hierarchical statistical testing procedure
144  based on the TreeBH error-controlling method?® and extends it to leverage the anatomically nested
145  organization of the brain atlas (Figure 2A). Traditional whole-brain analyses typically treat regions as
146  unrelated units, applying multiple comparison correction to a flat list of regions without regard to
147  structural granularity. This approach discards important anatomical information, obscures
148  dependencies among related subregions, and can fail to detect divergent effects within structural
149  families. For example, when opposing signals arise in different subregions of a region (e.g., one
150  subregion increases and another decreases), flat-list testing may erroneously conclude there is no
151 effect, whereas a tree-aware method can identify such cancellation patterns as meaningful.

152 At its core, BRANCH consists of two phases: 1) “bottom-up” aggregation of p-values and 2)
153  “top-down” error control in a tree-structured set of hypotheses defined by an annotated brain atlas.
154  Each brain region is represented as a node, with subregions as children and higher-order structures
155  as parents. We first assigned p-values to the 842 terminal (leaf) regions of the atlas. In the first part of
156  BRANCH, the p-values for all nodes are obtained by recursively aggregating among its children using
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157  Simes’ method, which essentially tests for deviations from the null among descendants. In the second
158  part, selective FDR (sFDR) control was applied recursively using TreeBH?°, a top-down pruning
159  algorithm. Nodes were tested only if their parent node was rejected and the local g-value threshold
160 (sFDR < 0.01) was met.

161 To assess morphine effects on neural activity, we used a generalized linear modeling (GLM)
162  framework to compare c-Fos+ cell density across experimental conditions while adjusting for biological
163  covariates (Figure 2B). For each brain region, we fit a full model including all morphine treatment
164  conditions (Acute, Chronic, Re-exposure, Early Withdrawal, Late Withdrawal) and covariates such as
165  sex, body weight, and age. We then fit a reduced model excluding treatment conditions and used a
166 likelihood ratio test (LRT) to determine whether inclusion of treatment improved model fit. The resulting
167  p-values were input to the BRANCH, which identified significant discoveries distributed throughout the
168  brain (Figure 2C).

169 First, we found a broad distribution of significant discoveries in the cortical regions, particularly
170  the isocortex (199 of 303 significant leaf regions). In contrast, we detected sparse signals in the
171 hypothalamus, with significant effects in only 7 of 98 leaf regions: retro mammillary nucleus, lateral
172  part (RML); medial mammillary nucleus, median part (MnM); and mammillary recess of the third
173  ventricle (MRe) (Figures 2D and 2E). In the striatum (STR) subtree, we identified 10 of 63 significant
174  regions (Figures 2F and 2G). Within the ventral striatum (STRv), significant effects were present in
175  all subregions, including the accumbens (Acb), olfactory tubercle (Tu), and interstitial nucleus of the
176  posterior limb of the anterior commissure (IPAC). In the Acb, a localized neural activity signal was
177  detected in both the core (AcbC) and shell (AcbSh) but not in the lateral shell (LAcbSh). In striatal
178  amygdala (sAMY) regions, significant effects were confined to the central amygdala (Ce), typically in
179  the lateral part (Cel). These findings demonstrate how BRANCH controls multiple comparison error
180  while preserving the hierarchical structure of the atlas.

181 For further analysis of by-region neural activity data, we decided to focus on a predefined set
182  of 233 disjoint brain regions (i.e., no parent—child relationships). These regions were chosen
183  unbiasedly throughout the whole-brain and matched the resolution of standard neuroscience research
184  (Table 1). Here, we first found that 89 of these 233 regions had a significant change in neural activity
185  in morphine-related conditions (Figure 2H). To evaluate the impact of BRANCH, we compared it to
186  two flat multiple testing approaches (Figure S1A). In the most classical method (which we denote
187 FlatBH) method, p-values were computed from average c-Fos+ density per region and corrected using
188  Benjamini-Hochberg correction. In the FlatBH with Simes’ variant, leaf-region p-values were
189  aggregated with Simes’ method before Benjamini—-Hochberg correction. Note that BRANCH combines
190 Simes’-based aggregation with TreeBH hierarchical correction. Both FlatBH with Simes’ aggregation
191 and BRANCH improved statistical power compared to the non-Simes approach (Figure S1). Regions
192  identified using Simes-based p-value aggregation had significantly more child nodes, suggesting that
193  ignoring subregion data may miss a substantial fraction of true effects. Simulations using randomly
194  selected node sets confirmed these findings were not specific to our region selection (Figures S11-J).
195 To examine relationships among morphine exposure conditions, we calculated pairwise
196  Pearson correlations of average c-Fos+ density across regions. Acute, Chronic, and Re-exposure
197  conditions were highly correlated (r > 0.8), consistent with shared neural activation patterns (Figure
198  2I). Withdrawal conditions (EarlyWD, LateWD) were less correlated with morphine administration
199  groups and with each other. Together, these results identify a brain-wide distributed set of regions
200 containing morphine administration—related and withdrawal-related signals and demonstrate that
201 BRANCH improves both sensitivity and anatomical interpretability in whole-brain activity mapping.
202

203 Increased neural activity after acute morphine administration

204  Acute morphine exposure produced widespread increases in neural activity across the brain (Figure
205 3A and Figure S2). To fully evaluate the specific brain regions that are immediately affected by
206  morphine, we compared the change in c-Fos cell density between saline and acute morphine
207  conditions. Among the 89 brain regions identified by BRANCH as having differential activity across
208 conditions, 31 regions showed a significant increase in c-Fos density after acute morphine
209 administration relative to saline (Figure 3A and 3B; Figure S5B). Surprisingly, the claustrum (Cl) was
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210 the region with the largest difference in c-Fos density (c-Fos cell counts normalized by region size).
21 From the voxel-based analysis, we observed that the changes within Cl were concentrated in both
212  dorsal and ventral subregions and throughout the AP axis (Figure S2). Similarly, we observed that
213  most prefrontal cortical regions (prelimbic (PrL), infralimbic (IL), cingulate (Cg), dorsal peduncular (DP),
214  orbitofrontal (O)) were strongly activated by acute morphine administration. We also observed signals
215 in the AcbC and AcbSh, as suggested by the region-based analysis, and consistent with previous
216 literature®?627. Within the thalamic regions, we found concentrated signals in most of the medial
217  thalamic regions such as mediodorsal (MD), parataenial (PT), paraventricular nucleus (PVT), central
218  medial (CM), intermediodorsal (IMD), posteromedian (PoMn) and interanterodorsal (IAD) thalamic
219  region. In the subcortical regions, we found increased neural activity in the amygdala and striatal
220 amygdala structures, such as the central (Ce), lateral (La) and basolateral (BLA) amygdala. In the
221 caudate putamen structure, we observed signals in the rostral-extreme part (CPre) and in the caudal
222  part (CPc), especially in its caudal extreme subregion (CPce) structure (also known as the tail of the
223  striatum). In contrast, the hypothalamus showed minimal activation. No hypothalamic leaf nodes were
224  significantly enriched for c-Fos+ cells, although voxel maps revealed localized activity within the lateral
225  hypothalamic area (LH) near the dorsomedial hypothalamus (DM). This suggests that morphine’s
226  acute activation of hypothalamic circuits is spatially restricted and may not align with traditional atlas
227  boundaries. Other regions where we observed increased c-Fos expression were the tegmental areas
228  such as the ventral tegmental area (VTA) and subpeduncular tegmental nucleus (SPTg). In midbrain,
229 we found signals concentrated in neuromodulator hubs such as in the dorso raphe (DR), the
230  ventrolateral part of the parabrachial nucleus (PB), and the locus coeruleus (LC). In sum, acute
231 morphine administration recruits a distributed set of cortical, striatal, thalamic, and brainstem regions
232  with distinct spatial patterns. It engages medial thalamic and amygdalar hubs and largely spares
233 classical hypothalamic circuits. These patterns highlight a rapid, systems-level reorganization of
234  forebrain and midbrain networks.

235
236  Mu-opioid receptor cells are selectively suppressed by morphine in a region-specific manner
237 The preceding analyses characterized brain-wide patterns of activity in response to acute

238  morphine, but they do not directly address how receptor expression constrains the recruitment of these
239 ensembles. Opioid effects are mediated primarily by Gi/o-coupled opioid receptors, with morphine
240  showing high efficacy at the p-opioid receptor (MOR) and much lower efficacy at the k-opioid receptor
241 (KOR). Both MOR and KOR activation suppresses neuronal excitability by inhibiting transmitter
242 release and promoting hyperpolarization, and morphine-induced increases in neural activity are often
243  attributed to circuit-level disinhibition. In the ventral tegmental area (VTA), for example, MORs are
244 enriched in inhibitory neurons both within and outside the VTAZ2028-31  hypothesized to produce
245  disinhibition of VTA dopamine (DA) neurons. Whether this mechanism generalizes to other brain
246  regions remains unresolved. To test how receptor distribution relates to morphine-induced activity at
247  the whole-brain level, we selectively labeled MOR- and KOR-expressing neurons by retro-orbital
248  injection of AAV-PHP.eB driving Cre-dependent nuclear tdTomato in MOR-Cre or KOR-Cre mice
249  (Figure 3C). After allowing >3 weeks for expression, animals were administered acute morphine and
250 perfused 2 hours later for brain clearing and whole-brain c-Fos immunolabeling (acuteM°R and
251 acute°R groups) (Figure 3D). Cleared brains were imaged via light-sheet microscopy to identify c-
252  Fos+, tdTomato+, and double-labeled (double+) neurons (Figure 3E), allowing a direct comparison of
253  morphine-induced activation in a MOR™ population versus a less-sensitive KOR* population.

254 Both KOR+ cells and MOR+ cells were widely distributed across the brain, with MOR+ cells
255  being more dominant using our methods (Figure S3A and S3B) (whole-brain KOR+ cells, 2.1 £ 0.7 x
256  10° cells, n = 5. MOR+ cells, 3.8 + 1.0 x 10° cells, n = 7. Mean + SEM). Spatial mapping further
257  revealed that double+ cells normalized by the total tdTomato+ cells (double+/tdTomato+) in acuteM°R
258  and acuteX®R groups resemble the acute morphine predictive activity map (Figure 3E). Among the 31
259  brain regions that had significant c-Fos activity in acute morphine conditions (Figure 3B), we found
260 that only 3 regions showed significant differences in double+/tdTomato+ between acuteX°R and
261 acuteMOR: DR, VTA, and IL (Figure 3F). Region-specific anterior-posterior mapping showed that KOR+
262  c-Fos+ cells were enriched in the VIPAG and DR (Figure S3C—F). In contrast, MOR+ c-Fos+ cells had
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263  weaker signals in these region, despite having similar amount of tdTomato+ cells. KOR+ c-Fos+ cells
264 but not MOR+ c-Fos+ cells were enriched in the VTA, particularly in the parabranchial pigmented
265  nucleus subregion (Figure S3G-S3J). These findings indicate that morphine’s inhibitory effect toward
266  MOR+ cells occur in a region-specific manner. Furthermore, the widespread morphine-induced
267  activation seen in regions such as the ventral striatum, claustrum, extended amygdala, and medial
268  thalamus is unlikely a result of direct MOR action within those regions, instead reflects indirect
269  recruitment of a broader circuit mechanisms and/or local modulation, such as at the presynaptic
270  terminal, which does not induce somatic changes.

271

272 Morphine administration and withdrawal drive divergent brain-wide activity patterns

273 Chronic morphine exposure produces tolerance and dependence, and withdrawal elicits
274  stress-related and aversive states®2. To identify the brain-wide activity patterns underlying these
275 contrasting states, we directly compared chronic morphine (chronic) and early spontaneous
276  withdrawal (earlyWD) conditions (Figure 4A). Spatial mapping of modeled c-Fos activity revealed
277  clear regional differences between the two conditions (Figure 4B and Figure S4A). Prefrontal cortical
278  regions such as IL and DP, and medial thalamic regions such as PVT and MD showed larger increases
279  inc-Fos cells in chronic morphine conditions, while the Ce showed increases in the earlyWWD conditions.
280 These regions are suggested to be involved in pain, threat, and stress processing33-35; this aligns with
281 our finding of their recruitment during withdrawal3>3¢, To systematically classify brain regions based
282  on their response profiles across chronic morphine and earlyWD conditions, we applied a
283  dimensionality reduction and clustering framework (Figure 4C-F). We used Uniform Manifold
284  Approximation and Projection®” (UMAP) to embed the z-scored c-Fos density changes from chronic
285 and earlyWD conditions for 89 brain regions identified by BRANCH in Figure 2. In this embedding,
286  Euclidean distances reflect similarity in activity patterns between regions (Figure 4C and 4D; Figure
287  S5B). Agglomerative hierarchical clustering of the UMAP coordinates yielded four distinct functional
288  clusters. Interestingly, these clusters mapped closely to major anatomical systems. Cluster 1 grouped
289  medial thalamic regions together with granular (Gl), dysgranular (DI), and agranular (Al) subregions
290 of the insular cortex, Acb and the claustrum (Cl), suggesting a possible network for integrating
291 interoceptive and motivational state information. Cluster 2 contained predominantly prefrontal cortical
292 regions, while cluster 3 enriched limbic—amygdalar structures, including Ce and La subdivisions. Three
293 clusters 1, 2 and 4, had larger z-scored c-Fos density in chronic conditions than in earlyWD conditions,
294  indicating that these networks, although anatomically distinct, share a bias toward chronic morphine
295 engagement (Figure 4E). In contrast, cluster 3 had larger average scaled density in earlyWD
296  conditions, consistent with a coordinated role for limbic—amygdalar regions in withdrawal-related
297  processes.

298 At the level of individual regions, IL, primary auditory cortex (Au1) and IMD had significantly
299  greater activity in chronic morphine, whereas Ce, pregeniculate nucleus (PrG), interstitial nucleus of
300 the posterior limb of the anterior commissure (IPAC) and intrageniculate leaflet (IGL) were more active
301 in earlyWD (Figure 4F and Figure S4B). When we further examined the spatial pattern of modeled
302 activity maps, we observed increased neural activity in IL and amygdalar regions throughout the
303  anterior-posterior axis in the chronic morphine and earlyWD conditions, respectively (Figure 4G and
304  4H). In contrast, key brain regions in the reward system such as the VTA, AcbC and AcbSh showed
305 no significant difference at the region level. However, we observed unique patterns of activation in the
306  spatial distribution. In the Acb, chronic morphine administration increased neural activity in the anterior
307  part, while earlyWD increased neural activity in the posterior part (Figure 4l). In the VTA, chronic
308 morphine administration increased neural activity throughout the anterior-posterior axis, but in the
309  posterior part within the parainfudibular nucleus (PIF), while earlyWD increased neural activity in the
310  VTA rostral subregion (VTAR), but not in the posterior parts (Figure 4J). These results suggested that
311 even in brain regions with no significant difference at the region level, they can show segregated
312 increases in neural activity between conditions.

313 Together, our region-level analysis shows that chronic morphine administration and early
314  withdrawal recruit largely distinct sets of brain regions, with key differences in prefrontal—thalamic
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315  versus limbic—amygdalar engagement. However, the results also indicated that further spatial
316  evaluation was necessary.

317
318  Morphine administration and withdrawal recruit spatially distinct neural activity patterns
319 To systematically uncover structured patterns of brain-wide activation across experimental

320 groups, we applied a semi-nonnegative matrix factorization (semi-NMF) pipeline®® to c-Fos+ cell count
321 maps (Figure 5A). Briefly, c-Fos+ cell count maps were downsampled and decomposed into 22 latent
322  spatial factors and corresponding subject-specific loading weights using a sparse Poisson semi-NMF
323 model (Figure 5B, Figure S6A). Each factor represented a spatially resolved ensemble, and the
324  corresponding weights reflected its contribution to each animal’s whole-brain c-Fos+ cell count map.
325 Factor weights were used to train a multiclass logistic regression classifier, which achieved an average
326 classification accuracy of 59% (chance = 16.7%), indicating that semi-NMF effectively captured
327  condition-dependent ensemble activity (Figure 64B).

328 To further identify drug-related factors, we performed a one-way ANOVA followed by post-hoc
329 comparisons of loading weights between saline and morphine-related drug conditions (Figure S6C).
330 We found that factors 0,1, 2, 3 and 16 had significant changes in weights, suggesting that these factors
331 represent neural activity associated with drug conditions. Interestingly, Factor 1 and Factor 2 showed
332  contrasting weight distributions. In factor 1, we found significantly increased weights in acute, chronic
333  and re-exposure conditions but significant decrease in earlyWD condition (Figure 5C and 5D). In
334  contrast, in factor 2, we found a significant increase in earlyWD and lateWD conditions (Figure 5E
335 and 5F). These results suggest that factors 1 and 2 capture a general morphine- administration and
336  withdrawal ensemble, respectively. Interestingly, we found that the spatial pattern of these factors
337  aligned with the “hotspot—coldspot” model®-'" of hedonic value coding. In the accumbens, which is
338  shown to contain hotspots in the anterior AcbSh and coldspots in posterior AcbSh'24, we found that
339  signals from factor 1 were distributed from the anterior part of AcbC and AcbSh to the posterior part
340 of AcbSh (Figure 5G and 5H). In contrast, signals from factor 2 were absent in the AcbSh but
341 concentrated in the posterior part of the AcbC. In the ventral pallidum (VeP), factor 1 matched the
342  posterior hedonic hotspot, whereas factor 2 also engaged this region, raising the possibility that a
343  coldspot-like territory coexists within the same anatomical domain (Figure S7A and S7B). In the
344  insular cortex, previously reported posterior hedonic hotspots3® were replaced by a more global
345  increased factor 1 signal across granular (Gl), dysgranular (DI), and agranular (Al) subregions during
346  morphine administration, with minimal increase in factor 2 (Figure S7C and S7D). Orbitofrontal cortex
347  (OFC) signals similarly exceeded predicted hotspot boundaries3®, spanning medial, ventral, and lateral
348 OFC in factor 1(Figure S7TE and S7F). In the amygdala, while the region-based analysis indicated
349  significant increase in early withdrawal conditions (Figure 4E and 4F), our analysis revealed a
350 concentrated signal in the posterior central amygdala lateral nucleus (Cel), a region implicated in
351 suppressing aversive responses?%:34, as well as medial subdivisions of the lateral (La) and basolateral
352  (BLA) nuclei (Figure 51 and 5J). Factor 2 was broadly found across the anterior-posterior axis in Ce,
353 La, BLA, importantly with a reduction in the posterior CelL and medial La and BLA where the factor 1
354  signal was found. In the VTA, factor 1 signals were localized in the medial to posterior part of the
355  paranigral nucleus (PN), parainfudibular nucleus (PIF) and parabrachial pigmented nucleus (PBP)
356  subregions while factor 2 were localized more anterior in the VTAR subregion (Figure 5K and 5L). In
357  contrast, we found regions such as claustrum (Cl) and paraventricular thalamic nucleus (PVT) that are
358  primarily associated with morphine-administration, to have a wide spread of signal in factor 1, but no
359  signal in factor 2 (Figure S7G-J). Together, these results show that semi-NMF resolves spatially
360 precise and functionally distinct ensembles for morphine- administration and withdrawal, revealing
361 state-specific organization within classic reward and aversion circuits at subregional resolution.

362

363  Morphine administration and withdrawal ensembles are distinct at the cellular level

364 While the unbiased spatial classification revealed distinct regional patterns of morphine-related
365 neural activation, this approach alone cannot resolve whether the underlying neural ensembles
366  overlap at the cellular level. To address this, we performed brain-wide, cellular-resolution activity
367  mapping using the targeted recombination in active populations*® (TRAP) system, which enables
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368 permanent genetic labeling of neurons with tdTomato which were active during a defined time window
369  governed by tamoxifen administration (Figure 6A). Using TRAP along with c-Fos immunolabeling, we
370  were able to label two neural ensembles in the same animal. Each subject went through two phases
371 of drug administration, one to genetically label neural activity by TRAP (TRAP phase), and the other
372 to molecularly label neural activity using c-Fos antibody (c-Fos phase). We generated four
373  experimental groups: acute™A” (TRAP: acute + Antibody: acute), saline™AP (saline + acute),
374  chronic™AP (acute + chronic), and earlyWD™AP (acute + early withdrawal) (Figure 6B). Brains were
375  collected, cleared, and stained for c-Fos, then imaged using light-sheet microscopy to detect c-Fos+,
376  tdTomato+, and double-labeled (double+) cells (Figure 6C). To assess the overlap of the two
377  ensembles in Acute™AP and others, we used a GLM framework to compare double+ cell density across
378  experimental conditions while adjusting for biological covariates (Figure 6D). For each brain region,
379  we fit a full model including chronic™AP earlyWDTRAP and saline™AP and covariates such as sex, body
380  weight, and age. We then fit a reduced model excluding treatment conditions and used a likelihood
381 ratio test (LRT) to determine whether inclusion of treatment improved model fit. The resulting p-values
382  were input to the BRANCH, which identified significant discoveries distributed throughout the brain,
383  and 90 significant regions among the 233 curated brain region list. We first evaluated TRAP labeling
384  performance using two metrics: averaged accuracy (double+ / total c-Fos+ cells) and efficiency
385  (double+ / total tdTomato+ cells) using data from the 90 significant brain regions. The acute "*AP group
386  showed significantly higher accuracy than saline™A" and earlyWD™RAP| but not chronic™P (Figure
387  6E). Similarly, TRAP efficiency was significantly greater in acute™AP compared to earlyWD™RAP| but
388 not the other groups (Figure 6F). To integrate these two measures into a single index, we calculated
389 the TRAP fidelity score, defined as the harmonic means of accuracy and efficiency (Fidelity=2 x
390 (efficiency + accuracy)/ efficiency x accuracy). The acute "/RA" group showed significantly higher fidelity
391  than saline™AP and earlyWWD™RA" indicating more specific and efficient labeling of morphine-activated
392 ensembles (Figure 6G).

393 We then examined the anatomical distribution of double+ cells. As expected, in acute™AP mice,
394  the spatial pattern of TRAP-labeled neurons closely resembled the acute morphine activation map
395 (Figure 6H). Notably, enrichment in prefrontal cortex, nucleus accumbens, medial thalamus, and
396  hindbrain regions was also observed in the chronic™AP group, but not in saline™A" or earlyWDTRAP,
397  suggesting that acute and chronic morphine largely recruit overlapping ensembles, while early
398  withdrawal engages a distinct population. We next evaluated how the acute morphine administration
399 ensemble captured by TRAP is represented by the functional clusters of brain regions identified in
400 Figure 4 (Figure 6l). These clusters reflected consistent spatial modules that were differentially
401 recruited during chronic morphine exposure or early withdrawal. We found the TRAP fidelity score was
402  significantly higher in acute™AP conditions than in the saline™AP and earlyWDTRAP conditions, both in
403  chronic morphine-dominant clusters (clusters 1, 2 and 4) and in earlyWD-dominant cluster (cluster 3).
404  This result suggests that acute morphine administration cells are distinct from the withdrawal-
405 responsive cells in most brain regions. Individual regional analysis further confirmed this (Figure 6J
406 and Figure S6). Interestingly, we found that regions such as Cl and PrL had significantly larger TRAP
407  fidelity score in the acute™AP condition than in the chronic™AP condition suggesting that the chronic
408 exposure to morphine may attenuate neural activity in these specific brain regions. Spatial mapping
409 along the anterior-posterior axis of the nucleus accumbens revealed that acute™AP and chronic™AP
410  animals had broad recruitment in both AcbC and AcbSh, whereas earlyWDTRA? showed minimal double*
411 labeling, demonstrating that morphine and withdrawal activate largely non-overlapping neuronal
412  populations even within the same anatomical (Figure 6K-L). The acute™AP and chronic™A" groups
413  displayed broad recruitment across AcbC and AcbSh. In contrast, earlyWWD™RA" animals showed
414  minimal double+ cell labeling throughout the accumbens, suggesting that morphine administration and
415  withdrawal engage largely distinct neuronal populations even within the same anatomical region.
416  Together, these findings show that TRAP combined with c-Fos immunolabeling captures acute
417  morphine administration neurons with high fidelity and reveals that morphine administration and
418  withdrawal ensembles are distinct across the brain at cellular resolution.
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420  Molecular markers for morphine related neural ensembles in the accumbens

421 Whole-brain mapping of neural activity enabled us to identify spatial distribution of neural
422  activity after morphine- administration or withdrawal. To identify molecular markers of neurons
423  activated by these conditions, we performed a voxel-wise Pearson correlation analysis between spatial
424  gene expression patterns from the Allen Brain Instituite MERFISH dataset*' (2.8 million cells, 147
425  coronal sections, 1122 gene panel, 5322 cell-type clusters) and condition-specific predictive activation
426  maps within a brain region of interest (Figure 7A). For each morphine-related condition, we computed
427 correlations coefficient between gene expression levels and predictive activity maps, identifying genes
428  whose spatial distributions significantly aligned with condition-specific neural activation (Figure 7B-J;
429  Figure S9). We conducted this correlation analysis in 3 key brain regions identified in the preceding
430 analysis that contained condition specific neural ensemble patterns; the Acb, Ce and VTA. In the Acb,
431 among the genes with significant correlation, we identified genes such as Kcnip1 and Stard5 as
432  markers for the acute-ensemble in the AcbSh, Neurod3 as chronic-ensembile in the anterior Acb and
433  Calcr as a marker for the earlyWD marker in the posterior AcbC (Figure 7B-D; Figure S9A).
434  Importantly, this correlation coefficient was larger than classical cell type markers in the Acb such as
435 Drd1 and Drd2. In the Ce, we identified C7q/2 and Prkcd, a classically known cell type marker of the
436  CelL which regulates fear expression®?, to correlate with the localized signal found in the acute-
437 ensemble (Figure 7E-G; Figure S9B). Other CeA markers such as Calcrl or Crh had weaker
438  correlation with this signal. We additionally found Otx2 and Prir as potential markers of global Ce
439 activation during the earlyWD state. For the VTA, Calb1, Chrna6 and Th, a cell type marker for
440 dopaminergic cells in the VTA, showed expression patterns that significantly correlate with the acute
441 morphine ensemble (Figure7H-J; Figure S9C). This correlation coefficient was larger than that of
442  excitatory and inhibitory cell type markers, Sic17a6 and Sic32a1. Npas1 was found for anterior VTA
443 but not posterior VTA cell type markers.

444 To further evaluate the transcriptional identity of neurons activated by morphine-
445  administration or withdrawal, we conducted a linear regression analysis using the cell-type cell count
446  map derived from the Allen Brain Institute MERFISH dataset*' and whole-brain cell-type atlas*3. The
447  Allen mouse whole-brain cell-type atlas transcriptionally and spatially identifies 5322 clusters as their
448  finest resolution of cell-type. Predictive activity maps for the Acb, Ce and VTA in each morphine-
449  condition were modeled as a linear combination of cell-type cell count maps (Figure S10A; Figure
450 $11 and S$12). In Acb, we first found that a subcluster of dopamine receptor 1-expressing cells (0964
451 STR D1 Gaba_9) significantly contributed to the acute, re-exposure and chronic morphine
452  administration neural activity signal (Figure S10B). This cluster is spatially located in the medial part
453  of the AcbC and AcbSh, medial part along the AP-axis (Figure S10C and S10D) and uniquely
454  expresses Tac1 and Pdyn as well as Drd3 as molecular markers. Another cluster with significant
455  contribution was a cluster located in the olfactory tubercle and the medial part of AcbSh and uniquely
456  expresses Drd3 and Stac (0939 OT D3 Folh1 Gaba_1). In the chronic morphine model, we found 0964
457  STR D1 Gaba_9 cluster, as well as a glutamatergic cluster which labels cells in the anterior pat of the
458  Acb (0171 IT AON-TT-DP Glut_2). In the early withdrawal model, we found one cluster from both
459  dopamine receptor 1 and 2 -expressing cell-types (0962 STR D1 Gaba_8 and 0985 STR D2 Gaba_5)
460 that were localized to the posterior part of the AcbC and are labeled by Dio3 and Calcr respectively.
461 Importantly, 0964 STR D1 Gaba_9 which was a significant cluster in the acute morphine administration
462 model was found to have a significantly negative contribution in the early withdrawal model,
463  strengthening our finding that the morphine- administration and withdrawal ensembles in the Acb are
464  spatially, cellularly and molecularly distinct. In the Ce, we found that 1332 CEA-BST Six3 Cyp26b1
465  Gaba_2 cluster, localized to the CeL subregion and uniquely expresses Prkcd, significantly contributed
466  to the acute morphine model (Figure S11). In the VTA, we found that multiple clusters of dopaminergic
467  neurons (3849 SNc-VTA-RAmb Foxa1 Dopa_2, 3840 SNc-VTA-RAmb Foxa1 Dopa_1, 3852 SNc-
468 VTA-RAmb Foxa1l Dopa_2, 3842 SNc-VTA-RAmb Foxa1 Dopa_1) significantly contributed to the
469  acute morphine model (Figure S$12).

470 Lastly, to validate this systematic approach to identify molecular identities of a given neural
471 ensemble, we performed multiplexed hybridization chain reaction** (HCR) to assess co-expression of
472 immediate early gene Fos and the marker genes. We targeted the Acb, and examined Fos, Kcnip1,
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473  and Calcr co-expression in coronal brain sections collected 30 minutes after drug administration
474  across acute, chronic, early withdrawal, and saline conditions (Figure 7H-P). Consistent with spatial
475  transcriptomic predictions, Kcnip1 expression spanned the AcbSh across the anterior-posterior axis
476  (Figure 7H and 7M), while Calcr was localized to the posterior AcbC (Figure 71 and 7N). Co-labeling
477  revealed that Calcr+Fos+ cells were selectively enriched in the posterior core during early withdrawal,
478 indicating that Calcr serves as a marker for withdrawal-responsive neurons ((Figure 7J-L and 7P). In
479  contrast, Kcnip1+Fos+ cells were found throughout the shell under acute, chronic, and early
480  withdrawal conditions, suggesting that Kcnip7 marks morphine administration responsive neurons as
481  well as a subset of withdrawal-responsive cells in the AcbSh (Figure 7J-L and 70). Together, these
482  results highlight the utility of integrating whole-brain activity maps with spatial transcriptomics to
483  molecularly define functional neural ensembles.

484

485  Discussion:

486  Understanding how opioids reshape brain function requires mapping neural activity across the entire
487  brain with sufficient resolution to resolve the underlying cellular ensembles. Here, we combined whole-
488  brain c-Fos mapping, a hierarchical statistical framework (BRANCH), and complementary molecular
489  and genetic tools to define how morphine administration and withdrawal recruit distinct but spatially,
490  cellularly, and molecular organized networks. This multiscale approach revealed that administration
491 and withdrawal states engage largely non-overlapping neuronal populations, even within the same
492  anatomical region, and that these ensembles can be further distinguished by spatial topography,
493  molecular markers, and receptor expression profiles. Our findings not only clarify the large-scale
494  organization of opioid-related brain states but also provide a generalizable pipeline for hierarchically
495  and spatially dissecting complex behavioral conditions.

496 This comprehensive whole-brain activity dataset spanning multiple morphine-related
497  conditions with cellular resolution allowed us to link brain-wide ensemble engagement with molecular
498 identity. To systematically detect condition-related changes, we applied BRANCH, a hierarchical
499  statistical testing approach that accounts for the brain’s nested anatomical organization. The BRANCH
500 testing approach was able to improve sensitivity without sacrificing interpretability, enabling the
501 detection of convergent subthreshold signals across related subregions that would be missed by
502  conventional statistical testing. Although applied here to c-Fos activity maps, this framework could be
503 readily extended to other whole-brain datasets, including projection mapping, cell-type—specific activity
504 recordings, and whole-brain transcriptomics.

505

506 Region-specific suppression of MOR+ cells and the logic of disinhibition

507 Despite the widespread expression of mu-opioid receptors (MOR) across the brain’, morphine-
508 induced neural activation is strikingly selective. In contrast to the brain-wide expression of MOR
509 (Figure S8), the distribution of the hedonic opioid hotspot-coldspots'?>~'4 as well as the neural activity
510 evoked by acute morphine administration were found in concentrated brain regions (Figure 2). This
511 suggests that morphine induces brain wide activity through a multi-layered regulation model, where
512 receptor presence is a prerequisite, but how the receptors are expressed within a local circuit
513  architecture shape actual recruitment. Furthermore, since MOR is a Gi-coupled receptor, this local
514 circuit architecture requires MOR to be expressed in inhibitory neurons to induce disinhibition of a
515  larger neural ensemble. In our data, by using whole brain labeling of MOR+ and KOR+ neurons, we
516  find that the likelihood of MOR+ cells to be activated by morphine is generally like that of KOR+
517  neurons, suggesting that most brain regions do not contain this specific local circuit architecture
518  (Figure 3). Interestingly, 3 out of 40 brain regions tested had a significant decrease in the likelihood
519  of MOR+ cells being activated, in other words, a MOR+ neuron specific suppression of neural activity
520  was only observed in 3 out of 40 brain regions: VTA, DR and IL. As proposed in previous studies, VTA
521 is considered to have the local circuit architecture where MOR+ is biased to inhibitory neurons within
522  the VTA202831 or in the rostromedial tegmental nucleus®® (RMTg) which results in disinhibition
523  dopaminergic output neurons by opioids, with the exception of a small subpopulation of DA neurons
524  which show inhibition through MORs. Indeed, our molecular analysis revealed that the spatial pattern
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525  of acute morphine administration ensembles strongly correlates with the expression pattern of Th, a
526  molecular marker of DA neurons, supporting the idea which morphine disinhibit DA neurons (Figure
527 7). These results further suggest that regions strongly activated by acute morphine, such as the Acb,
528 s likely to be a secondary effect from the VTA local circuit activation. In the DR, MOR expression is
529  observed in both excitatory and inhibitory cells*>4¢, but it is also reported that MORs disinhibit serotonin
530 efflux*’-50 suggesting that a local circuit architecture similar to the VTA may exist in the DR. This circuit
531 structure is not identified in the IL, however, it is considered that MORs are expressed in non-pyramidal
532  neurons’ in the PFC, suggesting that a disinhibitory circuit may exist. Nevertheless, additional studies
533  are required to evaluate whether MORs in VTA, DR or IL regulate the local and the brain-wide neural
534  ensemble evoked by morphine. Future studies could use highly receptor specific agonists such as
535 fentanyl or DAMGO to induce MOR+ specific intervention or to employ brain region- and cell type-
536  specificloss of function of MOR+ during morphine administration to identify the sufficiency or necessity
537  of the receptors in these regions for the global neural ensemble. It is also important to note that our
538 approach cannot detect opioid actions at the pre-post synaptic terminal which is known to have an
539 important role in neural modulation®'. Future studies using whole brain antibody labeling of
540 MOR/KORs could examine the correlation of the spatial localization of these receptors and brain wide
541 neural ensembles. Additionally, extending this receptor-based labeling approach to withdrawal
542  conditions, which is suggested to evoke aversive states via KOR+ neural ensembles®>-%%, could reveal
543  whether the recruitment logic of these ensembles shifts across drug states, potentially illuminating
544 distinct cellular mechanisms that underlie the transition from reward to aversion. Overall, our results
545  emphasize the utility of hierarchical and spatial whole-brain activity mapping pipeline as a powerful
546  framework to systematically study the cellular logic of drug action.

547

548 Revisiting the hotspot—coldspot model in a brain-wide framework

549  Understanding the brain-wide neural responses to different opioid-related conditions has been critical
550 for developing effective interventions for OUDs. Whole brain mapping of opioid-related neural activity
551 has partially been conducted in several studies, but they lacked comprehensive analysis of the spatial
552  and cellular distribution of opioid administration and withdrawal ensembles'’-22, Here, we applied
553  region level analysis with BRANCH-based correction and voxel level regression and semi-NMF
554  analysis to conduct detailed investigation of the hierarchical and spatial distribution of morphine and
555  withdrawal associated neuronal ensembles. Importantly, our analysis provided an opportunity to
556  evaluate the opioid hotspot—coldspot model in a systematic fashion. We decomposed c-Fos+ maps
557 into latent spatial factors that captured ensemble structure (Figure 5). Morphine-related ensembles
558 (e.g., factor 1) and withdrawal-related ensembles (e.g., factor 2) were spatially segregated aligning
559  with the hotspot—coldspot hypothesis'?-'4. Indeed, our study allowed us to revisit this hypothesis with
560 fine detail in the mouse brain which led to novel insights. While classically the AcbSh has been
561 extensively studied as the hotspot subregion, in the mouse brain morphine-related ensembles are not
562  only encoded in the AcbSh but also in the medial part of the AcbC. Our data demonstrates that the
563  withdrawal-related ensemble is mainly located in the posterior AcbC, while the studies in rat brain
564  found the opioid hedonic coldspots to be in the AcbSh. These fine characterizations of the spatial map
565  of potential hotspots-coldspots demonstrate the strength of the systematic review of neural ensembiles.
566  Other regions which were suggested to contain opioid hedonic hotspot-coldspots, such as the medial
567  orbitofrontal cortex (OFC) and posterior insula®®, showed inconsistent results in our study (Figure S5).
568 For example, the insular cortex exhibited broad activation with morphine but lacked clear topology.
569  There are several possible explanations for these discrepancies. First, c-Fos is an integrative marker
570  of neural activity with limited temporal resolution and may not distinguish neural responses related to
571 the hedonic value of morphine from those reflecting interoceptive, cognitive, or homeostatic processes.
572 As such, regions like the insula and OFC, known to multiplex value, sensory, and emotional signals,
573  may exhibit composite patterns of activity not resolved by c-Fos labeling. Second, our analysis detects
574  increases in activity; however, opioids are potent suppressors of neuronal firing via MOR activation.
575  Thus, functionally important reductions in neural activity, especially within MOR-expressing neurons,
576  may be underrepresented or missed entirely. This raises the possibility that certain coldspot regions
577 may encode opioid-related signals through suppression rather than excitation. Together, these
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578 considerations highlight both the power and the limitations of c-Fos-based whole-brain activity
579  mapping and suggest that complementary tools such as neural inhibitory indicators such as pPDH%®
580 are needed to further characterize the opioid hedonic hotspot-coldspot landscape.

581 Additionally, while the extensive studies in rats regarding the opioid hedonic hotspot-coldspots
582 have provided important understandings to the encoding of valence, the field has lacked functional
583 intervention studies of this model, mainly due to the lack of means to conduct detailed molecular
584 characterization in rats. In contrast, our whole mouse brain dataset allows integration of multi-modal
585  datasets to further characterize the properties of the opioid hedonic hotspot-coldspots. As an example,
586 by aligning the in situ transcriptional data provided by Allen brain institute*'-#3 with our neural ensemble
587  data, we demonstrated a powerful in silico pipeline to identify molecular identities of morphine-
588  administration and withdrawal ensembles. We focused on the Acb, Ce and VTA and first identified
589  genes that have correlated expression level with morphine-related neural ensembles (Figure 7). We
590 then expand this analysis by utilizing the transcriptionally and spatially defined cell-type information
591 provided through the Allen whole-brain cell-type atlas*®. This analysis allowed us to identify cell-type
592 clusters that are likely to contribute to the morphine-related ensembles. For example, in the context of
593  the opioid hedonic hotspot-coldspot in the Acb, our analysis first found collection of genes such as
594  Kcnip1 and Calcr to be significantly correlated with the morphine- administration and withdrawal
595 ensembles respectively (Figure 7B and 7C). We then identified that the ensembles consist mainly of
596 0964 STR D1 Gaba_9 cluster for the administration ensemble and 0962 STR D1 Gaba_8 and 0985
597 STR D2 Gaba_5 clusters for the withdrawal cluster (Figure $10). Indeed, data from the Allen brain
598 cell atlas*® shows that 0964 STR D1 Gaba_9 cluster shows high levels of Kcnip1 expression, while
599 0985 STR D2 Gaba_5 cluster specifically shows high level expression of Calcr compared to other Acb
600 clusters. We further validate this finding using in situ hybridization analysis (Figure 7H-P). These
601 molecular markers should serve as a key genetic handle to characterize the sufficiency and necessity
602 of the opioid administration and withdrawal-related responses. Overall, these results highlight the
603  strength of brain-wide mapping of neural activity to a standardized brain atlas allowing integration of
604  multimodal datasets collected by the neuroscience community for detailed characterization of neural
605 ensembles. However, it is also important to note that this approach requires the target neural
606 ensembles to localize at the voxel-level and fails to detect sparse signals that are spatially intermingled
607  with other cell-types or other neural ensembles. Additional methodological advancements to increase
608  the spatial resolution of analysis and to conduct robust and multiplexed labeling approaches for mRNA
609 and proteins in the whole-brain level are equally important to create a truly comprehensive in silico
610  analysis pipeline.

611 Taken together, our study defines a distributed and modular organization of brain-wide neural
612 ensembles that underlie distinct phases of opioid experience. By bridging hierarchical and spatial
613  scales, we show that morphine and withdrawal engage fundamentally separate neural ensembles.
614  This work provides a foundation for understanding how the brain encodes the opposing motivational
615  forces of reward and aversion and offers a generalizable strategy for decoding the logic of complex
616 internal states at the whole-brain level.
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617 Materials and methods:

618  Animals.

619  All experiments were approved by the Institutional Animals Care and Use Committee at the University
620  of Washington (Protocol #4450-01). Animals were group-housed with littermates on a 12-hr light cycle
621 at ~22°C with food and water available ad libitum. Wild-type C57BL/6 mice were purchased from the
622  Jackson laboratory and bred in-house. Ai14 (Rosa-CAG-LSL-tdTomato-WPRE, Jax#007914) were
623  purchased from Jackson laboratory. TRAP2 mice®’ (also known as Fos-2A-iCreERT?) were provided
624 by Dr. Palmiter (University of Washington) and crossed with Ai14 to generate TRAP2::Ai14 mice.
625 MOR-Cre (also known as Oprm1Cre:GFP knock-in/knock-out, Jax#035574) mice were provided by
626  Dr. Palmiter. KOR-Cre®® (also known as Oprk1-Cre, Jax#035045) mice were provided by Dr. Bruchas
627  (University of Washington).

628

629  Drug administration

630 We used pharmaceutical-grade morphine procured from UW drug services. Mice in chronic, re-
631 exposure, early withdrawal and late withdrawal conditions were given an escalating dose of morphine
632  over the course of 7 days (0.1, 0.3, 0.5, 1, 5, 10, 20 mg/kg). As for control, mice in saline and acute
633  conditions were given saline injections. Each mouse received two i.p. injections at each dose ~10-14
634  hours apart, for a total of 14 injections. A final dosage was given 10-14 hours after the last injection to
635 the saline, acute, chronic and early withdrawal conditions and 21 days after the last injection to the re-
636  exposure and late withdrawal conditions. For the final dosage, saline, early withdrawal and late
637  withdrawal received saline. Acute, chronic and re-exposure received 20 mg/kg of morphine. Subjects
638  were perfused for brain collection 2 hours after the final dosage.

639

640 Retro-orbital labeling of MOR/KOR+ cells

641 AAV2/PHP.eB Ef1a-DIO-H2B-tdtomato-WPREs (BrainVTA, BHV17100164, #lot EB-6182-K240702,
642  1-2x10'3vg/ml) was diluted to 0.5x10'2 vg/ml with PBS for a final volume of 100 ul and drawn up into
643 a Y2 ml 27-gauge tuberculin syringe. The animal was anesthetized with isoflurane in an induction
644  chamber until unresponsive to toe pinch. The animal was then placed in left lateral recumbency so
645  that the injector can protrude the right eyeball by pulling the dorsal skin and ventral to the globe from
646  the socket with gentle pressure. The needle was then inserted at a 30—45-degree angle into the medial
647  canthus to target the retro-bulbar sinus, bevel down to decrease likelihood of damaging the eye. The
648  virus was injected within 30 seconds and then the needle was slowly withdrawn to minimize any
649  bleeding. After the injection, the animal was placed back in its home cage for recovery. More than
650 three-weeks after the injection, animals were then administered to drugs as described in Drug
651 administration.

652

653 TRAP experiments

654  TRAP method was conducted as previously described with modifications (Figure 5 and Figure S4)
655 5799 Each subject went through two phases of drug administration, one to genetically label neural
656  activity by TRAP, and the other to molecularly label neural activity using c-Fos antibody. For the TRAP
657  phase, each subject was habituated to injection 1-week prior to the TRAP day. 24 hours prior to the
658 TRAP day, subjects were isolated in a new cage. On the TRAP day, the subjects were administered
659  with the 1st drug during the first 3 hours of the dark cycle. 1-hour after the administration, the subjects
660 were I.P. injected with 0.125 mL of 50 mg/kg of 4-Hydroxytamoxifen (Sigma-Aldrich, cat#H6278)
661 dissolved in sesame oil. After the injection, the subjects were kept in their isolated cage. After 24 hours
662 once the tamoxifen activity is reduced, the subjects were returned to their co-housing cages.
663 Immediately after, the animals followed their drug schedule for the antibody labeling phase. Seven
664  days after the TRAP day, the subjects were isolated in a new cage. On the antibody labeling day, the
665  subjects were administered with the 2nd drug. 2-hours after the administration, the subjects were
666  anesthetized to perfuse for brain extraction.

667

14


https://doi.org/10.1101/2025.09.21.677198
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.09.21.677198; this version posted September 21, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

Ishii et al.

668 HCR experiments and analysis

669  Hybridization chain reaction (HCR) was performed based on the protocol provided by Molecular
670 Instruments with some modifications (Figure 7E—L). To induce Fos labeling, subjects were isolated in
671 a new cage overnight. On the following day, the subjects were administered with the 2nd drug. 30
672  minutes after the administration, the subjects were immediately sacrificed to collect brain tissue. The
673  brain tissue was then snap-frozen using dry ice. Every fifth 20-um coronal sections containing the Acb
674  were collected on a slide glass and fixed with 4% PFA in PBS for 30 min and rinsed with PBS, followed
675 by dehydration with a series of 50%, 70%, 100%, 100% of ethanol. After the final dehydration the
676 slides were dried. The tissue was treated with Proteinase K (10 U/mL, Biolabs, P8107S, lot#10140231)
677  for 5-7 minutes. The slides were then rinsed with PBS and were applied with hybridization buffer
678  (Molecular Instruments) for 10 minutes at 37°C for pre-hybridization. RNA probes for Round1: Fos,
679 Oxtr and Round2: Kcnip1, Calcr (1 mM, Molecular Instruments) were diluted in a ratio of 1:250 into
680  the hybridization buffer. After pre-hybridization, hybridization buffer (70 ul) containing the probes was
681 applied to each slide on which the parafilm cover was placed. After 12h—18h of incubation at 37°C in
682  the moisture chamber, the sections were washed, with a series of probe wash buffer and SSC-T buffer
683  (5x SSC, 0.1% Tween 20) mixture. After the final wash, the sections were incubated in amplification
684  buffer (Molecular Instruments) for 30 minutes at room temperature for pre-amplification. Amplification
685  hairpin probes (3 mM, Molecular Instruments) were diluted in a ratio of 1:50 into the hybridization and
686  then snap cooled for 1.5 minutes in 95°C. After pre-amplification, amplification buffer containing hairpin
687  probes (70 pl) was applied to each slide on which the parafilm cover was placed. After 12h—18h of
688 incubation at room temperature in the moisture chamber, the sections were washed in 5xSSC-T buffer
689  for 30 minutes x2. The sections were quenched for autofluorescence using Vector TrueView reagent
690  (Vector, cat# SP-8400). After washed in 2xSSC, the sections were stained with DAPI in PBS (5 pg/ml,
691 Thermo Fisher Scientific, cat#¥D1306) for 8 minutes. The slide was then mounted using Vibrance
692  Antifade Mounting Medium (VECTASHIELD, cat#H-1800). Images were obtained using a
693  conventional microscope (Zeiss, Apotome Imager.M2) with a 20x objective. After image acquisition,
694  the coverslip was removed and washed in 2x SSC for 10 minutes, then incubated with DNase1 (0.25
695  U/ul, Roche, cat#4716728001) for 1.5 h at room temperature. The section was then washed in 2x SSC
696  for 5 minutes x6. The sections then proceeded to the pre-hybridization step for the next round of HCR.
697  Atotal of 2 rounds of HCR were conducted.

698 Images from multiple rounds were aligned with a custom Python script using opencv2
699 findHomography. Cells were segmented based on the DAPI signal using cellpose package and their
700 pretrained cyto2 model®. mRNA signals were detected using big-FISH package with spot radius set
701 to 500 nm x 500 nm®'. Parameters for detecting puncta and intensity of each gene were manually
702  adjusted for each tissue section of each animal. The cutoff value to determine a gene “expressing cell”
703  was defined as 5 transcripts.

704

705

706  Whole-brain clearing, active antibody staining and imaging

707 For brain wide c-Fos activity mapping, we adapted tissue clearing and active antibody staining

708  methods provided from LifeCanvas SmartBatch+ system. Animals were prelabeled with fluorophores
709  for the TRAP2 experiments (Figure 5) or KOR/MOR experiments (Figure 7), otherwise, a C57BL/6J
710  mice were used. For brain collection, the animals were perfused with PBS and 4% PFA-PBS, the brain
711 was harvested and post-fixed with PFA for 24-hours in 4°C with shaking. After post-fixation, the brains
712 were processed for tissue clearing. For tissue clearing, we utilized stabilization under harsh conditions
713  via intramolecular epoxide linkages to prevent degradation method (SHIELD)?3. The procedures
714  followed the SHIELD tissue clearing protocol (Full Active Pipeline Protocol v5.06, LifeCanvas). Briefly,
715 the brain was incubated in SHIELD OFF solution [2.5 mL DI water, 2.5 mL SHIELD-Buffer Solution, 5
716  mL SHIELD-Epoxy Solution] at 4°C for 4 days. Then transferred to SHIELD ON buffer and incubated
717 at 37°C for 24 hrs. Following, SHIELD ON buffer incubation, the brain was pre-incubated in
718  Delipidization buffer for overnight at room temperature. The tissues were then placed into
719  SmartBatch+ (LifeCanvas) to conduct active tissue clearing for 30-36 hours. After clearing, tissues
720  were transferred to blocking buffer solution [200 pL normal donkey serum per brain, 0.5 mM Methyl-
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721 beta-cyclodextrin, 0.2% trans-1-Acetyl-4-hydroxy-L-proline in PBS + 0.02% sodium azide] for 48-72
722 hours at 37°C with shaking. Then, the tissues were pre-incubated in primary staining buffer
723  (LifeCanvas) for 24 hours at RT. Following pre-incubation, the tissues were placed into SmartBatch+
724  (LifeCanvas) to conduct primary active tissue staining for 18 hours in primary staining buffer with 200
725  uL normal donkey serum and 1.75 ug of c-Fos antibody (Abcam, ab236039, lot#1073423) per brain.
726  After staining, tissues were washed with PBS + 0.02% sodium azide for 8 hours, followed by overnight
727  fixation with 4% PFA-PBS. For the secondary antibody staining, the tissues were incubated with
728  secondary staining buffer for 8 hours at 37°C with shaking. Then the tissues were placed into
729  SmartBatch+ to conduct secondary active tissue staining for 12 hours in secondary staining buffer with
730 200 yL normal donkey serum and 2.625 ug of Donkey Anti-Rabbit — SeTau-647 (LifeCanvas, DkxRb-
731 ST647, lot#0324L500) per brain. After staining, tissues were actively washed with secondary staining
732  buffer for 6 hours. Additionally, tissues were washed with PBS + 0.02% sodium azide for 4-8 hours,
733  followed by overnight fixation with 4% PFA-PBS. To match the refraction index, the tissue was
734  incubated in 50% of EASYINDEX solution (Rl = 1.52, LifeCanvas) at 37°C shaking for 24 hrs and then
735 100% of EASYINDEX solution at 37°C shaking for 24 hrs. The tissue was then embedded in
736  EASYINDEX with 2% agar and mounted onto SmartSPIM light sheet microscope (LifeCanvas). The
737  tissue was mounted on the ventral side facing toward the objective, imaged from the horizontal view
738  using a 1.6x objective with 4-um zstep. 594 nm channel for tdTomato signals and 647 nm channel for
739  c-Fos signals were collected, 488 nm channel was collected as the background channel. Background
740  channel was used for the alignment to the brain atlas.

741
742  Preprocessing of whole-brain datasets using high-performance computer clusters
743 Whole-brain images were first destriped and stitched using a custom script developed by

744  LifeCanvas. Subsequently, images were registered to the Unified Mouse Brain Atlas?* at a resolution
745  of 20 x 20 x 50 um (x, y, z). c-Fos+ cells or tdTomato+ cells were segmented through the same pipeline
746  using a built-in SpotDetection function or by using a classifier created using llastik 2. The cell
747 coordinates together and meta information (cell signal intensity, size), were stored as a NumPy arrays.
748  To train the classifier, 10 chunks of images were randomly sampled and used as the training dataset
749  (Image size, (x,y,z) = 2.0 mm x 2.0 mm x 100 ym). One chunk image of the same size from each
750  subject was used as the test dataset. The quality of the classifier was visually examined. The cell
751 coordinated information in raw image space was projected to brain atlas space using the Elastic
752  transformation matrix calculated during the registration process. Using the cell coordinate information
753  in atlas space and the Unified Mouse Brain Atlas annotation, the number of cells as well as the density
754  of the cells were calculated for each brain region. Cerebellum and hindbrain regions were omitted from
755  the analysis. Using the cell coordinates in atlas space, we also calculated a voxelized cell count
756  heatmap. By-voxel cell counts heatmap data and the by-region cell count, and cell density data were
757  further used for downstream statistical analysis.

758 To identify and quantify spatial overlap between labeled cells from two imaging channels, we
759  developed a custom Python script using scipy.spatial.cKDTree for efficient 3D spatial matching.
760  Coordinates of c-Fos cells and tdTomato+ cells in raw image space were extracted as described above.
761 Overlapping cells were defined based on proximity within a user-defined spatial tolerance (offset),
762  which accounts for potential misalignments or biological variation. Specifically, for each cell in one
763  array, the nearest neighbor in the second array was queried using a k-d tree structure, with overlap
764  determined if the Euclidean distance between cells fell below the threshold defined by the offset
765  parameter (8 x 8 x 4 um).

766 The above preprocessing were done using a modified version of the ClearMap 1.0 pipeline
767 2483 (available at: https:/github.com/kenjp1223/ClearMap). This modification was designed to
768  efficiently parallelize the preprocessing of mouse brain data across compute nodes on a high-
769  performance computing (HPC) cluster. While ClearMap offers a robust pipeline for whole-brain
770  analysis, it presents challenges in scalability and reproducibility. The original version requires certain
771 software and hardware configurations and lacks native support for parallelization. To address these
772 limitations, we provide a Singularity container bundling the modified ClearMap along with all necessary
773  dependencies, ensuring streamlined installation and reproducibility across computing environments.
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774  Our version is specifically optimized to distribute preprocessing tasks for individual brain samples
775  across multiple HPC nodes, enabling highly parallelized and scalable data processing. This approach
776  significantly accelerates data throughput, particularly for large datasets. Moreover, using HPC
777  infrastructure is often more cost-effective than upgrading local workstations, as it allows flexible scaling
778  of computational cores, memory, and storage resources as needed. In this study, we leveraged
779  compute resources provided by the Bridges-2 supercomputing cluster at the Pittsburgh
780  Supercomputing Center via the National Science Foundation (NSF) ACCESS program®3-65. The NSF
781 ACCESS program offers substantial free computing credits for academic users, making it an ideal
782  platform for whole-brain image processing. Together, our modified ClearMap pipeline and the HPC
783 infrastructure available through NSF ACCESS offer a scalable, reproducible, and cost-efficient
784  solution for preprocessing large-scale whole-brain imaging datasets.

785

786

787  Generalized linear model and likelihood ratio testing

788  To assess the effect of experimental condition on c-Fos+ cell density across annotated brain regions,
789  we fit generalized linear models (GLMs) using the statsmodels Python package. Each region was
790 tested independently. The outcome variable was c-Fos+ cell density, and the primary predictor was
791 experimental condition, modeled as a categorical variable with five levels: Acute, Chronic, Re-
792  exposure, Early Withdrawal, and Late Withdrawal (Saline was treated as reference and excluded to
793  avoid collinearity). Model specification:

794  Full model (Model A):

795 density ~ Condition + Sex + Body Weight + Age + Intercept
796  Reduced model (Model B):
797 density ~ Sex + Body Weight + Age + Intercept

798  Both models were fit using Negative Binomial distribution to accommodate overdispersion in the count-
799  derived response. Continuous covariates (Body Weight, Age) were scaled by mean. A likelihood ratio
800 test (LRT) was performed by comparing the log-likelihoods of the two models:

801 XZ = =2 (log Lreduced — 108 Leun)

802 The p-value was computed using the chi-square distribution with degrees of freedom equal to the
803  difference in the number of model parameters. Regions with insufficient subject counts or poor model
804  convergence were excluded or assigned NaN.

805 b= P(Xczif > ngserved)

806  All statistical results (p-values per region) were compiled into a dataframe and subsequently passed
807 into the BRANCH hierarchical testing pipeline for structured multiple hypothesis correction.

808

809 Semi-nonnegative Matrix Factorization of c-Fos counts

810  To identify interpretable spatial patterns of brain-wide activity across animals, we applied a semi-
811 nonnegative matrix factorization (semi-NMF) a previously developed framework® to voxel-wise c-Fos
812  cell count maps.

813 Briefly, the c-Fos+ cell count map was first downsampled to an isotropic 50 um resolution. The input
814  data consisted of non-negative integer cell counts Y € NM*P where M is the number of animals and
815 D is the number of brain voxels (M = 43, D = 3932613). We utilized the algorithm described Y, 4 ~
816 Poisson()\m‘d ) where the log-mean rates A,, ; were parameterized through a generalized linear model
817  using the nonlinear softplus function to ensure non-negativity:

K
818 Ama = softplus <ocm + 6, + Z Bm‘kek‘d>

k=1
819  Here, a,, and §, are per-animal and per-voxel effects, respectively, 8,,, € R are animal-specific
820 loading weights for each of K shared latent factors 6, € A?. To improve stability, each update step
821  was safeguarded using an Armijo backtracking line search. Initialization was performed using a non-
822 negative singular value decomposition (NNSVD) on a variance-stabilized transformation of the count
823 data. To determine whether individual semi-NMF factors were modulated by experimental condition,
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824  we performed a one-way ANOVA for each factor’s loading weights across all groups. Specifically, for
825  each factor, we compared weights across saline and drug-exposed animals (acute, chronic, early
826  withdrawal, re-exposure, and late withdrawal). ANOVA p-values were adjusted for multiple
827  comparisons using the Benjamini-Hochberg false discovery rate (FDR) procedure across all 22
828 factors. For factors with significant FDR-corrected p-values (FDR < 0.05), we conducted pairwise post
829  hoc Student’s t-test comparing each drug condition to saline.

830

831 BRANCH hierarchical testing pipeline

832 In addition to mapping every voxel to a brain region, framworks for mouse brain atlases such as the
833  Allen Brain Common Coordinate Framework® or Unified Mouse Brain Atlas?* provide a hierarchical
834  ontology of varying levels of refinement. This can be understood as a tree structure, where regions
835 are nodes. The entire brain is the root node, coarse structures (e.g., gray matter) are children of the
836  root node, and there are progressively finer resolved regions down the tree until we arrive at leaf nodes
837 (i.e., regions that have no further subdivisions). To exploit this tree structure, we applied methodology
838  proposed in Bogomolov. et al?5. In brief, we (i) form a hierarchy of null hypotheses, (ii) associate p-
839  values with all leaf nodes, (iii) propagate p-values up the tree using combination tests, and (iv) use the
840  TreeBH method to test nodes top-down while controlling sFDR! (defined below). We describe each of
841 these steps in more detail below.

842

843  I: Tree Construction

844 Formally, we first associate a null hypothesis with each leaf node that its mean expression of c-Fos is
845 invariant to treatment condition. We then form null hypotheses at coarser levels of resolution as the
846 intersection of its child nulls (i.e., the null hypothesis associated with each non-leaf node is that none
847  of its subregions have differential c-Fos expression due to treatment), and we repeat this process
848 hierarchically up the tree.

849

850 /I: Computation of leaf p-values

851 For each leaf node, we compute the per-mouse average c-Fos expression within that region. We fit a
852  generalized linear model for each leaf region (as described above) and retain the p-value.

853

854  |ll: Propagation of p-values

855  The p-value associated with each non-leaf node is defined recursively: it is the result of applying the
856  method of Simes®” to the p-values of all its child nodes. Given a sorted collection of k p-values p(;) <

857  p) < < pw), Simes’ method returns a “combined” p-value as
858 p = minp) X %

]
859  This combined p-value can be understood as corresponding to a test of the null hypothesis that all of
860  the child null hypotheses are true.
861
862  IV: Testing with the TreeBH Method
863  With p-values attached to all of the nodes of the tree, we can proceed with the TreeBH method?®. First,
864  we set a targeted rate of control at each level of the tree (in practice, we set g = 0.01 at all levels).
865  Starting with the root node, we apply the standard Benjamini-Hochberg method® (BH) to the p-values
866  of the child nodes at level g. We then proceed to the children of any rejected nodes and once again
867  apply the BH method, but we use an adjusted g value based on the proportion of nodes under
868  consideration (see Bogomolov et al.?® for more details). We continue recursively until we have no
869 further rejections to pursue (or have reached leaf nodes).
870
871 Definition and Control of sFDR
872  Bogomolov et al. 2% introduced the selective false discovery rate at level | (sFDR') in the context of
873 hierarchical testing. While we provide a brief explanation of the key ideas here, we refer the reader to
874  the source for a more thorough treatment. Mathematically, sFDR' is defined as the expectation of the
875  selective false discovery proportion (sFDP'). If we knew which of our discoveries were false, we could
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876  compute sFDP! as follows. First, consider all rejected hypotheses at level | of the tree. Assign the
877  value of 1 to those where the null was true (these are false discoveries) and assign 0 to those where
878 the null was false (these are true discoveries). Next, at level | — 1, consider all hypotheses that were
879  rejected. Assign to each the average of the values taken by its rejected children (if it has no rejected
880  children, assign 0). Repeat this process for the | — 2 level and so on until we reach the root node: this
881 value is sFDP'. While we cannot typically compute sFDP' in practice (because we do not know which
882  discoveries are true and which are false), it is nonetheless possible to demonstrate that under certain
883  assumptions, the TreeBH algorithm will control the expectation of sFDP!, i.e., sFDR!, at a level no
884  greater than a user-specified target ¢!, although in practice we choose a common value q to use at all
885 levels and refer to sFDR' throughout the manuscript simply as sFDR.

886

887 In Step Il described above, we opted to propagate p-values using Simes’ method. While other
888  methods such as Fisher's can be more powerful, they are less robust to dependence, whereas Simes’
889  method remains valid under the forms of “positive” dependence likely to occur in imaging data as
890 considered here. Moreover, the use of Simes’ method guarantees that TreeBH will give “consonant”
891 results, i.e., that each non-leaf node that we reject will have at least one rejected child. Applied
892  recursively, this guarantees that we will always be able to trace each rejected hypotheses to at least
893 one leaf node. In addition, we are also able to invoke Theorem 1 of Bogomolov et al. 25, which implies
894 control of sFDR! for all levels. As a result, our error control holds even for “collapsed” trees, e.g., we
895  can be confident of controlling sFDR at any level in the “sunburst” plots of Figure 2.

896

897  Software Implementation and Extension

898  While Bogomolov et al.?® offer a software implementation of their TreeBH algorithm, it is seemingly
899 tailored to the setting wherein all leaf nodes occur at a common deepest level L. Because the
900 hierarchical atlas commonly used in the neuroscience field does not satisfy this, we developed our
901 own implementation that accommodates the native hierarchical structure of the mouse brain atlas.
902 Moreover, internally it leverages tree data structures; this facilitates data import and visualization. The
903 software is available on GitHub (https://github.com/Kessler-Friends/BRANCH).

904

905 UMAP clustering analysis for chronic vs. early withdrawal

906 To identify patterns of brain-wide neural activity associated with chronic morphine and withdrawal
907  conditions, we applied dimensionality reduction and clustering on by-region c-Fos+ cell count data.
908  For each of the 233 curated brain regions, c-Fos+ cell densities were first extracted from 16 brains
909 across experimental conditions (chronic morphine and early withdrawal). Density data was
910 transformed using the natural logarithm to stabilize variance and mitigate the influence of high-weight
911 outliers. Then the data were z-scored using sklearn.preprocessing. We then used Uniform Manifold
912  Approximation and Projection (UMAP) to project the high-dimensional regional activity profiles into a
913  2-dimensional embedding space. UMAP was implemented using the umap-learn package (v0.5.3)
914  with parameters: number of neighbors =3, minimum distance =0.2. To cluster brain regions based on
915 their embedding in UMAP space, we applied hierarchical density-based spatial clustering of
916  applications with noise (HDBSCAN, hdbscan v0.8.33), allowing the identification of distinct regional
917  clusters that share similar morphine- or withdrawal-associated activation patterns.

918

919  By-voxel analysis of c-Fos predictive activity mapping

920 To identify brain-wide spatial correlates of experimental condition, we performed voxel-wise linear
921 regression using the statsmodels package in Python. This analysis was conducted at the level of
922  individual voxels within the registered brain volume, leveraging spatial resolution to derive predictive
923  maps of c-Fos expression.

924 At each voxel, the outcome variable was the c-Fos cell count across subjects (Nsubject = 43, X = 650, y
925 =350, z = 300). This was further subset into voxels that contain brain data (Nvoxel = 24393746). The
926  predictors included experimental condition (Saline, Acute, Chronic, Re-exposure, Early Withdrawal,
927  Late Withdrawal) and subject-level covariates (Sex, Body Weight, Age). Experimental conditions were
928 modeled as a categorical variable with Saline as the reference group.
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929  The regression model was specified as:

930 cell count[v] ~ Condition + Sex + Body Weight + Age + Intercept

931 here cell count[v] is the c-Fos cell count at voxel v. All continuous covariates were mean centered
932  before inclusion. The resulting voxel-wise regression weights (B coefficients) for each predictor were
933 interpreted as c-Fos predictive activity maps, capturing the spatial distribution of each condition’s
934  contribution to neural activation. These maps enabled unbiased examination of neural activity in order
935 to asses which regions were most strongly modulated by morphine-related experimental conditions.
936

937  Gene correlation analysis using Allen MERFISH data

938 To enable brain-wide voxel-wise comparison of gene expressions with other spatial datasets,
939  we processed MERFISH data from the Allen Brain Institute’s Zhuang-ABCA-1 dataset (Figure 7)
940 (Zhang et al., 2023), which provides single-cell resolution transcriptomic profiles from approximately
941 2.8 million cells across 147 coronal hemisphere sections throughout the mouse brain. This dataset
942  includes log2-transformed gene expression counts, anatomical coordinates in the Allen Common
943  Coordinate Framework (CCFv3, 25 um resolution), and cell type annotations based on a hierarchical
944  taxonomy. We accessed the data using the Allen Brain Cell Atlas API via the abc_atlas_access Python
945  package. For each cell, we retrieved (1) log2-normalized gene expression values, (2) cluster
946  assignments and metadata, and (3) anatomical coordinates in CCF space. To enable spatial alignment
947  with our anatomical reference framework, we registered the Allen CCFv3 brain volume to the Unified
948  mouse brain atlas (Kim et al., 2017; Chon et al., 2019), using symmetric normalization (SyN) image
949  registration implemented in the Advanced Normalization Tools in Python (ANTsPy) framework.
950  Specifically, we used a high-resolution Allen CCF coronal template as the fixed image and the Unified
951 mouse brain reference as the moving image. The resulting forward transformation (comprising affine
952 and nonlinear warp fields) was used for batch transformation of cellular coordinates. Single-cell
953  anatomical coordinates were transformed from Allen CCF space to Unified mouse brain atlas space
954  using ants.apply_transforms_to_points, taking into account voxel scaling (25 um isotropic for CCFv3).
955  Transformed coordinates were mapped to region annotations using the Unified mouse brain atlas label
956  volume, allowing each cell to be associated with a discrete anatomical region in the Unified mouse
957  brain atlas ontology. For each gene in the dataset, we extracted expression values and applied a
958  positivity threshold defined as expression > 1. Cells passing this threshold were considered positive
959  for that gene. To generate spatial expression volumes, we voxelized positive cells into a 3D image
960 matching the Unified mouse brain atlas template dimensions (20 x 20 x 50 um resolution). Each
961 expressing cell contributed its expression value to surrounding voxels using a spherical kernel
962 (40 x40 x 100 ym voxels). This approach allowed for smooth spatial aggregation of discrete cell data
963 into continuous voxel-level gene-expressing cell count map.

964 To identify the gene whose voxel-level gene-expressing cell count map correlates with morphine-
965 induced neural activity, we conducted a voxel wise correlation analysis. First, voxel-level gene-
966  expressing cell count maps for 1122 genes were restricted to hemisphere data. Similarly, the bilateral
967  predictive activity map was averaged to generate a hemisphere predictive activity map. Then, the
968  voxels were subset into ones that contained target region based on the Unified mouse brain atlas
969  annotation. For each gene, we computed the Pearson correlation coefficient (r-value) and significance
970 (p-value) between its voxel-level gene-expressing cell count map and the corresponding predictive
971 activity map across voxels. P-values were corrected for multiple correction using Benjamini—-Hochberg
972  correction to identify significant correlation (alpha = 0.05).

973
974  Cell type regression analysis using Allen MERFISH data
975 To enable brain-wide voxel-wise comparison of cell type distribution with other spatial datasets,

976  we processed MERFISH data from the Allen Brain Institute’s Zhuang-ABCA-1 dataset (Figure 7)
977  (Zhang et al., 2023) similarly as described in “Gene correlation analysis using Allen MERFISH
978  data”. Briefly, using the transformed cell coordinate information and the cluster assignment data*3, for
979  each cell type, we voxelized positive cells into a 3D image matching the Unified mouse brain atlas
980 template dimensions (20 x 20 x 50 ym resolution). Each expressing cell contributed its expression
981 value to surrounding voxels using a spherical kernel (40 x 40 x 100 ym voxels). This approach allowed
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982  for smooth spatial aggregation of discrete cell data into continuous voxel-level by-cluster cell count
983  map.

984 P To identify clusters that predict morphine-induced neural activity, we conducted a voxel wise
985  correlation analysis. The hemisphere predictive activity map was modeled as a linear combination
986  of by-cluster cell count map using ordinary least squares regression with a constant term. By-cluster
987  cell count map were first subset into ones that contained target region based on the Unified mouse
988  brain atlas annotation. Then, these maps were further filtered to remove clusters with less than 10
989 cells. Predictors were z-scored column-wise, such that coefficients represent standardized effects
990 (per 1 SD increase in cluster density). Robust (HC3) standard errors were used for inference, and
991 cluster-wise significance was assessed by parametric t-tests with Benjamini-Hochberg correction
992 (a = 0.05). To complement parametric inference, we performed coefficient-wise permutation testing
993 by shuffling the target vector 500 times, recomputing regression coefficients, and estimating two-sided
994  empirical p-values. Permutation p-values were also corrected using Benjamini-Hochberg (a = 0.05).
995  Marker gene information was extracted from the allen brain cell atlas for additional characterization of
996  cell-type clusters.

997  Data distribution

998  Whole brain data is available on DANDI (https://dandiarchive.org/dandiset/001449/draft). All data used
999 in this project is shared on Figshare (https:/figshare.com/articles/dataset/Ishii-Morphine-
1000 2025/29497187). The code for analysis and data generation is shared on GitHub
1001 (https://github.com/stuberlab/Ishii-Morphine-2025).
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1233  Figure 1: Whole-brain analysis of neural response to morphine administration and withdrawal
1234  (A) Overview of the experiment pipeline. To model different time points during morphine treatment, we
1235  prepared 5 conditions with different drug schedules. Two hours after the final drug administration,
1236  animals were perfused to collect brain tissue. Brains were first processed in SHIELD for preservation,
1237  then cleared and stained for c-Fos. Tissues were then imaged on a light sheet microscope. (B) Total
1238 number of c-Fos+ cells in each condition. (C) Regression analysis to correct for non-experiment
1239  variables. Experiment variables (5 drug conditions, saline as baseline) as well as non-experimental
1240 covariates (body weight, age, sex) were used to regress c-Fos+ cell count map (x,y,z) = (650,450,300)
1241 from n = 44 animals. The beta coefficient from the regression were used as condition-specific
1242 predictive activation score relative to saline. (D) Representative 50-um coronal planes showing
1243  predictive activation map for each drug condition. Saline: n = 8, Acute: n = 7, Chronic: n = 8, EarlyWD:
1244 n = 8, Re-exposure: n =6, LateWD: n = 6.
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1247
1248  Figure 2. Usage of BRANCH procedure for robust hierarchical statistical testing in whole-brain

1249  data

1250 (A) Schematic showing the steps of BRANCH error control procedure. (B) Schematic illustration of
1251 statistical analysis. To evaluate the effect of morphine administration, a GLM and likelihood ratio test
1252  was conducted on 842 leaf nodes of the Unified mouse brain atlas ontology tree. P-values generated
1253  inthe GLM and likelihood ratio test were further processed using BRANCH. (C) Sunburst plot showing
1254  statistical testing results across the ontology. Purple: rejected null hypothesis; gray: not rejected; white:
1255  not tested. (D) Detailed analysis of the hypothalamus subtree. (E) Representative 50-um coronal
1256  planes showing predictive activation map of acute morphine condition in the lateral zone of
1257  hypothalamus (LZ) and mammillary body (MBO). (F) Detailed analysis of the striatal subtree. (G)
1258  Representative 50-um coronal planes showing predictive activation maps of acute morphine condition
1259  in the ventral striatum (STRv) and striatal amygdalar area (sAMY). (H) Heatmap showing c-Fos+ cell
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1260  density for each region in a 233 pre-selected list of brain regions (Table 1). Discoveries for each brain
1261 region are shown above. (I) Correlation matrix using the average c-Fos+ cell density data for 233 pre-
1262  selected brain regions for each drug conditions. Saline: n = 8, Acute: n = 7, Chronic: n = 8, EarlyWD:
1263 n = 8, Re-exposure: n = 6, LateWD: n = 6. Additional statistics are shown in Table 2.
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Figure 3. Increased neural activity after acute morphine administration

(A) Predictive activity map for acute morphine condition. Detailed visualization is shown in Figure S2.
(B) Scatter plot showing brain regions with significant difference in c-Fos+ cell density in post hoc
testing of acute morphine vs saline conditions among the 89 brain regions identified using BRANCH.
Student’s t-test with Benjamini/Hochberg correction (alpha = 0.05). Full results are shown in Figure
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1271 S5B. Additional statistics are shown in Table 3. Saline: n = 8, Acute: n = 7. (C) Schematic illustration
1272  showing retroorbital injections to label KOR/MOR+ cells. AAV2.PHP.eb EF1a-DIO-H2B-tdTomato was
1273  injected retro-orbitally into KOR-Cre+ or MOR-Cre animals. (D) Overview of experiment design. More
1274  than two weeks after retroorbital injection, animals went through acute morphine drug schedule. (E)
1275  c-Fos+ and tdTomato+ cells were registered to the Unified mouse brain atlas for further quantification.
1276  (F) Representative 50-um coronal planes showing average double+ cells normalized by the total
1277  number of tdTomato+ cells. (G) Scatter plot showing double+ cells normalized by the total number of
1278  tdTomato+ cells among the 31 brain regions that were identified as acute morphine responsive regions
1279  in Figure 3B. Student’s t-test with post-hoc Benjamini/Hochberg correction over brain regions.
1280  AcuteK®R: n = 5. AcuteMOR: n = 7. Additional statistics are shown in Table 4.
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1286  Figure 4. Distinct neural activity pattern during chronic morphine administration and early
1287  withdrawal

1288 (A) Schematic showing drug schedule for chronic morphine and early withdrawal conditions. (B)
1289  Representative 50-uym coronal planes showing difference in predictive activity map between chronic
1290  and earlyWD. Detailed visualization is shown in Figure S4A. (C) Uniform Manifold Approximation and
1291 Projection (UMAP) display of c-Fos+ cell density data from 95 brain regions. Colors indicate clusters
1292  identified by HDBSCAN. (D) Heatmap showing the z-scored c-Fos density across regions within each
1293 identified cluster. Each row corresponds to a subject, top: Chronic morphine; bottom: Early Withdrawal.
1294  Hierarchical lineage tree generated by HDBSCAN is shown on top. (E) Scatter plot showing z-scored
1295  c-Fos density for brain regions in each cluster (Cluster 1: n = 208, EarlyWD n = 208. Cluster 2: Chronic
1296 n =152, EarlyWD n = 152. Cluster 3: Chronic n = 240, EarlyWD n = 240. Cluster 4: Chronic n = 112,
1297  EarlyWD n = 112.). (F) Scatter plot showing post hoc analysis of group differences in z-scored c-Fos
1298  density in selected brain regions from among those identified by BRANCH (full results are shown in
1299  Figure S4B). Student’s t-test with Benjamini/Hochberg correction (alpha = 0.05). Chronic: n = 8,
1300 EarlyWD: n = 8. Additional statistics are shown in Table 4. (G—J) Representative 50-um coronal planes
1301 showing predictive activity map in the prefrontal regions (G), amygdalar regions (H), nucleus of
1302 accumbens (I) and ventral tegmental area (J). VTA leaf refers to subregions of VTA that were not
1303  categorized as other subregions (VTAR: ventral tegmental area rostral. PN: paranigral nucleus. PIF:
1304  parainfudibular nucleus. PBP: parabrachial pigmented nucleus.).
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1307  Figure 5. Voxel-wise factorization analysis reveals spatially distinct morphine administration
1308 and withdrawal ensembles

1309 (A) Schematic showing the semi-nonnegative matrix factorization analysis for the c-Fos+ cell density
1310  map. A total of 22 factors were identified. (B) Representative coronal section showing weights for 22
1311 factors. Factor 0, 1, 2, 16 had significant changes in loadings compared to the saline group. Additional
1312  statistics are shown in Table 5. (C—F) Scatterplot showing loading weights for factor 1 (C) and factor
1313 2 (E). Representative 50-um coronal planes showing factor weights for factor 1 (D) and factor (F). (G-
1314 L) Representative 50-um coronal planes showing factor weights for factor 1 and factor 2 in the nucleus
1315  of accumbens region (G), amygdalar region (I) and the ventral tegmental area (K) along the anterior-
1316  posterior axis. Heatmap showing average factor weights in the nucleus of accumbens region (H),
1317  amygdalar region (J) and the ventral tegmental area (L) . Saline: n = 8, Acute: n = 7, Chronic: n = 8,
1318 EarlyWD: n = 8, Re-exposure: n = 6, LateWD: n = 6.
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1321 Figure 6. Analysis of acute morphine specific neural ensemble using TRAP2

1322 (A) Schematic illustration showing genetic and molecular labeling of two neural ensembles within the
1323  same animal using TRAP2 and c-Fos+ antibody. Neurons that were active in both neural ensembles
1324  are expected to be tdTomato+ and c-Fos+ (double+). (B) Overview of the experiment pipeline. To
1325  examine the overlap of neural ensembles responding to acute morphine and to other drug conditions,
1326  we prepared 4 conditions which went to 4 different sets of drug administration schedules. Subjects
1327  went through two drug schedules, first for TRAP labeling and second for c-Fos immunolabeling.
1328  Acute™AP: acute morphine - acute morphine. Saline™AP: saline - acute morphine. Chronic™A®:
1329  acute morphine = chronic morphine. EarlyWDTRAP: acute morphine > early withdrawal. Two hours
1330  after the second drug schedule, the subjects were perfused to collect brain tissue. Brain tissues were
1331 further processed to be cleared and stained, then imaged on a light sheet microscope. (C) c-Fos+ and
1332  tdTomato+ cells were registered to the Unified mouse brain atlas for further quantification. (D) Scatter
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1333  plot showing total number of double+ cells in each subject (left) and heatmap showing double+ cell
1334  density for each brain region. (E-G) Scatter plot showing metrics of TRAP2; (E) accuracy (number of
1335  double+ cells / number of tdTomato+ cells). (F) efficiency (number of double+ cells / number of c-Fos+
1336  cells), (G) TRAP fidelity score (Fidelity=2 x (efficiency + accuracy) / efficiency x accuracy). Students t-
1337  test with Benjamini-Hochberg correction. (E) Acute™AP vs. Saline™AP: P =7.59 x 103, {(9) = 3.42. vs.
1338  Chronic™AP: P =0.96, t(11) = 0.046. vs. EarlyWD™AP: P = 9.44 x 103, {(9) = 3.20. (F) Acute™AP vs,
1339  Saline™AP: P=0.24, {(9) = 1.26. vs. Chronic™AP: P=0.23, {(11) = -1.27. vs. EarlyWDTRAP: P = 3.46 x
1340 104, ¢(9) = 5.30. (G) Acute™®AP vs. Saline™AP: P = 3.22 x 104, #(9) = 5.63. vs. Chronic™AP: P = 0.11,
1341 t(11) = -1.76. vs. EarlyWD™AP: P = 3.08 x 10, £(9) = 5.39. (H) Representative 50-um coronal planes
1342  showing average double+ cells. (I) Scatter plot showing average double+ cell density by subject
1343  among brain regions in each cluster identified in Figure 4. Student’s t-test was conducted between
1344  Acute™AP and every other condition with post-hoc Benjamini/Hochberg correction over conditions.
1345  Cluster 1: Acute™AP vs. Saline™AP: P = 0.044, #(9) = 2.35. vs. Chronic™P: P =0.10, f(11) = -1.80. vs.
1346  EarlyWD™AP: P =0.013, #(9) = 3.02. Cluster 2: Acute™AP vs. Saline™AP: P =542 x 104, #(9) = 5.23.
1347  vs. Chronic™AP: P = 0.70, t(11) = 0.39. vs. EarlyWD™AP: P = 3.80 x 104, #9) = 5.24. Cluster 3:
1348  Acute™AP vs. Saline™AP: P = 4.19 x 1073, #(9) = 3.80. vs. Chronic™AP: P = 0.30, #(11) = -1.09. vs.
1349  EarlyWD™AP: P =1.60 x 103, £(9) = 4.28. Cluster 4: Acute™AP vs. Saline™AP: P =1.97 x 104, {(9) =
1350  6.02. vs. Chronic™AP: P =0.42, {(11) = 0.84. vs. EarlyWD™RAP: P =2.72 x 104, (9) = 5.47. Cluster 5:
1351  Acute™AP vs. Saline™AP: P =6.11 x 104, #(9) = 5.14. vs. Chronic™AP: P = 0.044, t(11) = 2.27. vs.
1352  EarlyWD™®AP: P =288 x 104, #(9) = 5.43. Cluster 6: Acute™AP vs. Saline™AP: P =6.82 x 1073, {(9) =
1353  3.49.vs. Chronic™AP: P=0.077, t{(11) = -1.95. vs. EarlyWDTRAP: P =2.01 x 104, {(9) = 5.69. (J) Scatter
1354  plot showing TRAP fidelity score in selected brain regions. Full results are shown in Figure S8.
1355  Student’'s t-test was conducted between Acute™A” and every other condition with post-hoc
1356  Benjamini/Hochberg correction. Additional statistics are shown in Table 6. (K) Representative 50-uym
1357  coronal planes showing double+ cells in the accumbens region along the anterior-posterior axis. (L—
1358 M) Heatmap showing average double+ cell density in accumbens shell (L) and core (M) along the
1359  anterior-posterior axis. Acute"*AP: n = 6. Saline™AP: n = 5. Chronic™AP: n = 7. EarlyWD™RA": n = 6.
1360
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| Correlation analysis with ABI MERFISH dataset
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1361

1362 Figure 7. Identification of key molecular markers using c-Fos+ predictive activity map

1363  (A) Schematic illustration of gene expression correlation analysis. Pearson correlation coefficients
1364  were calculated using c-Fos predictive activity map in the accumbens for each experimental condition
1365 and spatial gene expression data extracted from the ABI MERFISH dataset. (B—J) Results from the
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1366  correlation analysis. Representative 50-um coronal planes showing c-Fos predictive activity map in
1367  acute, chronic and early withdrawal conditions and 6 representative molecular markers in the (B and
1368  C) nucleus accumbens (Acb), (E and F) central amygdala (Ce) and (H and 1) ventral tegmental area
1369  (VTA). Heatmap showing coefficient value for selected genes In (D) Acb, (G) Ce and (J) VTA. List of
1370 20 genes with highest correlation coefficients are shown in Figure S9. (K-L) Representative images
1371 showing HCR in situ staining of 20-um coronal sections with the Acb labeling (K) Kcnip1 and (L) Calcr.
1372  Scale bar, 100 ym. (M-N) Representative images showing Fos, Kcnip1 and Calcr expressing cells in
1373  the Acb in (N) acute morphine administration and (N) early withdrawal conditions. Scale bar, 100 pm.
1374  (O) Enlarged area of Acb highlighted in yellow in J and K. Scale bar, 50 um. (P—Q) Line plot showing
1375  distribution of the proportion of Kcnip1+ cells (P) and Calcr+ cells (Q) in the accumbens (+1.5 mm to
1376  +0.6 mm from Bregma). Orange line, AcbC. Purple line, AcbSh. (R-S) Strip plot showing (R) proportion
1377  of Calcr+ and Fos+ cells in the AcbC (Saline vs. Acute: P =0.83, {(31) =-0.21. vs. Chronic: P = 0.84,
1378  t(53) = 0.20. vs. EarlyWD: P =2.32 x 102, t(44) = -2.35.) and (S) proportion of Kcnip1+ and Fos+ cells
1379  in AcbSh (Saline vs. Acute: P = 1.63 x 1072, {(31) = -2.54. vs. Chronic: P = 4.75 x 104, 53) = -3.73.
1380 vs. EarlyWD: P =2.85 x 104, f{(44) = -3.94.). Saline: n = 16 sections, Acute: n = 17 sections, Chronic:
1381 n = 39 sections, EarlyWD: n = 30 sections.

1382
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| Statistical analysis using 233 brain regions chosen for this study
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1387  Figure S1. Comparison of BRANCH to classical statistical testing procedures, related to Figure
1388 2

1389  (A) Schematic overview of three procedures compared in this analysis. FlatBH: p-values were
1390 computed using average c-Fos+ cell density for each node. The list of p-values from the nodes of
1391 interest were processed with Benjamini-Hochberg (BH) correction. FlatBH + Simes: p-values were
1392  initially computed at leaf nodes, then were aggregated bottom-up using Simes’ aggregation method.
1393  The list of p-values from the nodes of interest were processed with BH correction. BRANCH: p-values
1394  were initially computed at leaf nodes, then were aggregated bottom-up using Simes’ aggregation
1395  method. P values from all the nodes were subjected to hierarchical sFDR correction using the TreeBH.
1396  (B) Bar graph showing the proportion of discoveries (out of 233 tested brain regions) made by each
1397  method. Both Simes’-aggregated methods (FlatBH + Simes and BRANCH) outperformed the non-
1398  Simes approach. (C) Venn diagram of statistically significant brain regions identified by each method.
1399 BRANCH and FlatBH + Simes’ shared a substantial number of discoveries not found by the FlatBH
1400 approach. Group A: Discovered by all three methods. Group B: Discovered by FlatBH + Simes and
1401 BRANCH, but not by FlatBH. Group C: Discovered by FlatBH + Simes only (i.e., not by BRANCH or
1402  FlatBH non-Simes). (D) Distribution of detected regions across anatomical divisions (ancestor
1403  acronyms) for each group of discoveries defined in (C). (E—H) Structural features of regions discovered
1404 by each method. (E) Depth in the hierarchy (levels from the root). (F) Number of sibling regions of the
1405  parent node (a proxy for branch width). (G) Number of children per discovered region. BRANCH and
1406  FlatBH + Simes preferentially identified parent nodes with many subregions, in contrast to FlatBH. (H)
1407  Number of sibling regions for each discovered node. Students t-test with Benjamini-Hochberg
1408  correction. (E) Avs. B: P=0.33, #90) =-0.97. B vs. C: P=0.19, #{(46) = 1.34. Avs. C: P =0.39, {(50)
1409 =0.86.(F)Avs.B: P=0.49, {(90) =-0.69. B vs. C: P=0.058, {(46) =-1.94. Avs. C: P=0.19, {(50) =
1410 -1.33.(G)Avs.B: P=1.7x10",£90)=-0.91.Bvs. C: P=6.6 x 103, {(46) = 2.84. Avs. C: P=0.46,
1411 t(50) = -0.74. Group A: n =44, Group B: n =48, Group C: n = 4. (I-M) Simulation results from analyses
1412  using randomly selected sets of brain regions (not based on biological data). (I) Proportion of
1413  discoveries as a function of the number of nodes sampled. (J-M) Structural properties of discovered
1414  regions across increasing tree sizes: depth (J), number of parent’s siblings (K), number of children (L),
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1415  and number of siblings (M). Patterns confirm the generalizability of the effects observed in the curated
1416  233-region set.

1417
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m coronal planes showing predictive activity map for acute morphine condition.
41

Figure S2. Neural activity pattern after acute morphine administration, related to Figure 3

Representative 50
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Figure S3. Characterization of opioid receptor expressing cells, related to Figure 3
(A) Representative 50-um coronal planes showing average tdTomato+. (B) Scatter plot showing
tdTomato+ among the 31 brain regions that were identified as acute morphine responsive regions in
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1425  Figure 3B. Student’s t-test with post-hoc Benjamini/Hochberg correction over brain regions. (C)
1426  Representative 50-um coronal planes showing double+ cells in the dorso raphe (DR) along the
1427  anterior-posterior axis. (D) Heatmap showing average double/tdTomato+ in DR. (E) Representative
1428  50-um coronal planes showing tdTomato + cells in the DR along the anterior-posterior axis. (F)
1429  Heatmap showing average tdTomato+ in DR. (G) Representative 50-um coronal planes showing
1430 double+ cells in the ventral tegmental area (VTA) along the anterior-posterior axis. (H) Heatmap
1431 showing average double/tdTomato+ in VTA. (I) Representative 50-um coronal planes showing
1432 tdTomato + cells in the VTA along the anterior-posterior axis. (J) Heatmap showing average
1433  tdTomato+ in VTA. Additional statistics are shown in Table 4.
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1435

1436  Figure S4. Distinct neural activity pattern during chronic morphine administration and early
1437  withdrawal, related to Figure 4

1438 (A) Representative 50-um coronal planes showing difference of predictive activity map between
1439  chronic and early withdrawal. (B) Scatter plot showing normalized c-Fos+ cell density in the chronic
1440  morphine and early withdrawal conditions among the 89 brain regions identified by BRANCH in Figure
1441 2. Student’s t-test with Benjamini/Hochberg correction over brain regions (alpha = 0.05). Additional
1442  statistics are shown in Table 3.
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1444
1445  Figure S5. Normalized c-Fos+ cell density across brain region clusters, related to Figure 4
1446  (A) UMAP display overlayed with z-scored c-Fos density. (B) Scatter plot showing c-Fos+ cell density
1447 normalized to saline in acute, chronic, early withdrawal, re-exposure and late withdrawal among the
1448 89 brain regions identified by BRANCH in Figure 2. Student's t-test with Benjamini/Hochberg
1449  correction over brain regions (alpha = 0.05). Additional statistics are shown in Table 3.
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1452 Figure S6. Voxel-wise factorization analysis to spatially classify distinct morphine responsive
1453 ensembles, related to Figure 5

1454  (A) Heatmap showing loading weights for each drug condition in every subject. (B) Confusion matrix
1455  of drug condition classification based on loading weights. (C) Heatmap showing average loading
1456  weights for each drug condition in every factor. Factor 0, 1, 2, 16 had significant changes in loadings
1457  weights compared to the saline group. One-way ANOVA with post-hoc student's t-test with
1458  Benjamini/Hochberg correction over conditions (alpha = 0.05). Additional statistics are shown in Table
1459 5. (D-Il) Scatterplot showing loading weights for factor 0 (D), factor 3 (F) and factor 16 (H) and
1460 representative 50-um coronal planes showing factor weights for factor 0 (E), factor 3 (G) and factor 16
1461 (.
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1463
1464  Figure S7. Distribution of morphine responsive factors, related to Figure 5

1465  (A-J). Representative 50-um coronal planes showing factor weights for factor 1 and factor 2 in the
1466  ventral pallidum (A), insular cortex (C), orbitofrontal cortex (E), claustrum (G) and paraventricular
1467  thalamic nucleus () along the anterior-posterior axis. Heatmap showing average factor probability in
1468  the ventral pallidum (VeP) (B), insular cortex (D), orbitofrontal cortex (F), claustrum (H) and
1469  paraventricular thalamic nucleus (J) along the anterior-posterior axis. Insular cortex Gl: granular layer,
1470  DI: dysgranular layer, Al: agranular layer. Orbitofrontal cortex MO: medial region, VO: ventral region,
1471 LO: lateral region. Claustrum DCI: dorsal region, VCI: ventral region. Paraventricular thalamic nucleus
1472 PVA: anterior part, PV: intermediate part, PVP: posterior part.
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Figure S8. Analysis of acute morphine specific neural ensemble, related to Figure 6

Scatter plot showing TRAP fidelity score in 89 brain regions identified by BRANCH in Figure 2.
Student’s t-test was conducted between Acute™AP and every other condition with post-hoc
Benjamini/Hochberg correction. Additional statistics are shown in Table 6.
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1483  Figure S9. Identification of key molecular markers using c-Fos+ predictive activity map, related
1484  to Figure 7

1485  (A-C) Bar plot showing the top 30 genes that were significantly correlated with the highest Pearsons
1486  coefficient values for each drug condition in the (A) Acb, (B) Ce and (C) VTA (alpha = 0.05 after
1487  Benjamini/Hochberg correction). Genes that are shown in Figure 7 are highlighted in magenta.
1488  Additional statistics are shown in Table 7.
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1491 Figure $10. Identification of key cell types using c-Fos+ predictive activity map in the nucleus
1492 accumbens, related to Figure 7
1493  (A) Schematic overview of the regression framework. Cell-type cell count maps derived from the ABI
1494  MERFISH dataset (5,322 clusters) were used as predictors to explain voxelwise predictive activity
1495 maps across five morphine-related conditions in the nucleus accumbens. Linear regression
1496  coefficients were estimated for each cluster and condition. (B) Empirical cumulative distribution
1497  functions (ECDFs) of standardized regression coefficients () for acute, chronic, earlyWD, re-exposure,
1498  and lateWD conditions. Individual clusters are labeled by their four-digit IDs; clusters with permutation
1499  p-values after FDR correction (Benjamini—-Hochberg, alpha = 0.05) are shown in magenta. Additional
1500 statistics are shown in Table 8. (C) Representative coronal planes showing observed predictive activity
1501 maps (top row, “activity”) and regression-modeled predictions (bottom row, “model”) for acute, chronic,
1502 and withdrawal conditions. (D) Spatial distributions of representative clusters with high-magnitude
1503 coefficients across conditions.
1504
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1506  Figure S11. Identification of key cell types using c-Fos+ predictive activity map in the central
1507 amygdala, related to Figure 7

1508  (A) Empirical cumulative distribution functions (ECDFs) of standardized regression coefficients () for
1509  acute, chronic, earlyWD, re-exposure, and lateWD conditions. Individual clusters are labeled by their
1510  four-digit IDs; clusters with permutation p-values after FDR correction (Benjamini—-Hochberg, a = 0.05)
1511 are shown in magenta. Additional statistics are shown in Table 8. (B) Representative coronal planes
1512  showing observed predictive activity maps (top row, “activity”) and regression-modeled predictions
1513  (bottom row, “model”) for acute, chronic, and withdrawal conditions. (C) Spatial distributions of
1514  representative clusters with high-magnitude coefficients across conditions.
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1517  Figure S$12. Identification of key cell types using c-Fos+ predictive activity map in the ventral
1518 tegmental area, related to Figure 7

1519  (A) Empirical cumulative distribution functions (ECDFs) of standardized regression coefficients () for
1520 acute, chronic, earlyWD, re-exposure, and lateWD conditions. Individual clusters are labeled by their
1521  four-digit IDs; clusters with permutation p-values after FDR correction (Benjamini—-Hochberg, a = 0.05)
1522  are shown in magenta. Additional statistics are shown in Table 8. (B) Representative coronal planes
1523  showing observed predictive activity maps (top row, “activity”) and regression-modeled predictions
1524  (bottom row, “model”) for acute, chronic, and withdrawal conditions. (C) Spatial distributions of
1525  representative clusters with high-magnitude coefficients across conditions.
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