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Abstract   15 

Substance use disorder (SUD) is a complex process in which several neurocircuits are disturbed 16 

and various brain regions are involved. The amygdala is a region that mediates the withdrawal 17 

effect as well as anxiety and depression-like behaviors. However, the specific transcriptional 18 

changes in each cell type during SUD is largely unknown. Here we performed single-cell RNA 19 

sequencing and classified all cell types in mouse amygdala under opioid dependence and 20 

withdrawal conditions. Our data revealed key biological processes, such as immune response, 21 

inflammation, synaptic transmission, and mitochondrial respiration, changed in a distinct 22 

manner in different cell populations. Dramatic differences were unraveled in the transcriptional 23 

profiles between dependence and withdrawal states. Overall, our work has provided a 24 

comprehensive dataset of genes, biological pathways and cell-cell interactions for all the 25 

identified cell types in the amygdala, thus expanding our limited understanding of brain 26 

alterations during SUD, especially at the molecular and cellular levels. 27 

 28 

 29 

 30 

 31 

 32 

 33 



Introduction 34 

Prevalence of substance use disorder (SUD) and associated deaths [1] have spurred efforts to 35 

develop new strategies for prevention or treatment of SUD. This requires us to gather better 36 

understandings of brain alterations during this complex, multistage process. It is well known 37 

that SUD is characterized by disturbances in several major neurocircuits that are driven by 38 

different brain regions: basal ganglia-driven intoxication stage, amygdala-driven withdrawal 39 

stage, and prefrontal cortex-driven anticipation stage [2]. However, the alterations of these 40 

brain regions at the molecular and cellular levels remain largely unknown. Previous studies 41 

applying bulk tissue preparations [3-6] have provided meaningful insights into SUD, but these 42 

data represented the changes in a mixture of cell populations; thus, the cell type-specific 43 

information was not unraveled. Yet, this information is highly important for us to understand 44 

the heterogenous brain and to discover novel therapies that target specific genes/pathways in a 45 

specific cell population. Advances of the single-cell RNA sequencing (scRNA-seq) technology has 46 

enabled us to study thousands of cells belonging to different cell types simultaneously. A few 47 

studies have applied scRNA-seq to investigate different brain regions in SUD, including the 48 

nucleus accumbens (NAc) after acute morphine treatment [7], and the prefrontal cortex (PFC) 49 

during cocaine addiction [8]. Yet, the amygdala which mediates the negative effect during drug 50 

withdrawal [2] and modulates emotions such as anxiety and depression that occur as co-51 

morbidities of SUD [9, 10], has not been studied before.  52 

In this study, we analyzed the transcriptomic profiles of 77,957 individual cells from mouse 53 

amygdala. Distinct gene expression changes in different cell types under morphine dependence 54 

and withdrawal conditions were revealed. Our data suggests key biological processes and 55 

pathways are modulated in a cell-type specific manner following morphine dependence.  56 

Notably, dramatic changes of the cellular status were observed when the brain underwent 57 

morphine withdrawal. We also investigated cell-cell communications under dependence and 58 

withdrawal states by analyzing ligand-receptor interactions that were modified under these two 59 

conditions. Overall, our current work has provided a comprehensive dataset of genes, biological 60 

pathways and ligand-receptor interactions for all the identified cell types in the amygdala. This 61 

data will provide insight into our limited understanding of how the brain behaves during SUD, 62 

especially at the molecular and cellular levels. This study will also provide clues to develop 63 

novel preventative and therapeutic strategies for SUD. 64 

 65 

Results 66 

Identification of cell types in the amygdala 67 

To study the mouse brain under different conditions of SUD, mice were treated with morphine 68 

sulphate for 7 days to induce dependence. In the withdrawal studies, morphine injection was 69 

stopped at day 7 for 24 hours to induce spontaneous withdrawal (Supplementary Fig. 1a).  As 70 

expected, the mouse body weight was reduced after morphine treatment (Supplementary Fig. 71 

1b), and consistent with the withdrawal condition the mice exhibited withdrawal symptoms 72 

such as jumping and wet dog shaking (Supplementary Fig. 1c). We dissected the amygdalae 73 

from the naïve (Naive), morphine dependent (Dep), and morphine withdrawal (With) mouse 74 



brains, after which the tissues were dissociated to single cell suspension. The cells were 75 

captured with the 10X Chromium platform, and the scRNA-seq was conducted to examine the 76 

transcriptomic profiles (Fig. 1a).  77 

We sequenced 121,856 cells from 9 independent biological samples, each of which was derived 78 

from pooled amygdalae of 4 to 5 mice in a single treatment group. We removed debris, dead 79 

cells, potential doublets and unrecognized clusters (see Methods). In the end, our analysis 80 

resulted in 77,957 high quality cells, representing 17 cell types (Fig. 1b), with distinct expression 81 

profiles (Fig. 1c, 1d). As shown in Fig. 1e, with a higher number of cells being captured and 82 

analyzed, the number of detected genes in the cell population was increased, and it was in the 83 

stem cell/precursor cell types (NSC, NRP, OPC) that we observed a higher average number of 84 

genes/UMI counts per cell. 85 

The proportion of each cell type was consistent among the three experimental groups 86 

(Supplementary Fig. 2f, 2g). Although the estimated percentages might not reflect the actual 87 

composition of the amygdala since different cell types have different sensitivity to the 88 

dissociation procedure, these data suggested that the tissue composition of the amygdala 89 

remained unchanged after chronic morphine treatment. The sequencing metrics such as 90 

median UMI per cell and the average number of detected genes were also consistent among 91 

the three groups (Supplementary Fig. 3). Other metrics are summarized in Supplementary Table 92 

2. 93 

 94 

Identification of differentially expressed genes under morphine dependence and withdrawal 95 

conditions 96 

We then studied the transcriptional changes in each cell type under the morphine dependence 97 

condition (Dep vs. Naive), and under the withdrawal condition following the dependence status 98 

(With vs. Dep), by analyzing the differentially expressed genes (DEG). In both comparisons, each 99 

cell type exhibited distinct changes (Fig. 2a, 2b, Supplementary Fig. 4-5, Supplementary Table 4-100 

5). Under the dependence condition, there were more upregulated genes than downregulated 101 

genes in NEUR, EC, OPC and MG (Fig. 2c). Compared to the dependence condition, the numbers 102 

of DEG under the withdrawal condition were almost doubled in most of the cell types (Fig. 2d), 103 

suggesting that there were more dramatic changes in the amygdala when the brain switched 104 

from morphine dependence to withdrawal.  105 

Among the cell populations, neurons showed the highest numbers of DEG under both 106 

conditions: there were 859 downregulated and 1058 upregulated genes under dependence 107 

(Fig. 2e), while over 4000 genes were differentially expressed between the withdrawal and 108 

dependence status (Fig. 2f). As the resident immune cells, microglia showed distinct changes 109 

(Fig. 2h, 2i). When we investigated the overlapping relation between these DEG under two 110 

conditions, we found that around 60% and 45% of the DEG under the dependence state were 111 

inversely changed under the withdrawal state in NEUR (Fig. 2g) and MG (Fig. 2j) respectively. 112 

However, these inverse DEG counted for only a small percentage (~30% in both NEUR and MG) 113 

of the DEG in the withdrawal state. 114 



Next, we studied the DEG that were shared across cell types. Interestingly, heat shock protein 115 

genes were on top of the DEG list (Supplementary Table 4-5). Therefore, we analyzed the 116 

changes of the genes encoding heat shock proteins in 17 cell types. As shown in Fig. 2k, in most 117 

glia cell types Hsp90 family genes were downregulated, while the Hsp70 family (Hspa1a, 118 

Hspa1b) and Hsp40 family genes were upregulated under the dependence condition. But when 119 

these cells were undergoing withdrawal, these heat shock proteins were mostly downregulated 120 

(Fig. 2l). Since heat shock proteins play important roles in protein folding and stress response 121 

[11], these data revealed how brain cells responded to the stresses that were induced by either 122 

chronic opioid treatment or opioid withdrawal.  123 

 124 

Validation of cell type specific gene expression changes  125 

Next, we sought to validate some of the cell type specific DEG by mRNA fluorescence in situ 126 

hybridization (FISH). As discussed before, some of the heat shock proteins such as Dnaja1 127 

showed distinct changes under the morphine dependence and withdrawal conditions (Fig. 2k, 128 

2l, 3a). This was confirmed in microglia cells (Temem119+) as shown in Fig. 3b, 3c. In addition, 129 

we observed that the number of Dnaja1 mRNA puncta was generally increased under 130 

dependence while decreased under the withdrawal condition in other cells (Temem119-) in the 131 

amygdala. This observation verified our single-cell data showing that the changes of Dnaja1 132 

were shared by several glia cell populations (Fig. 2k, 2l). 133 

Ccl2 is one of the most potent microglia chemokines that attract cells involved in the immune 134 

or inflammatory response. Consistent with our single-cell data (Fig. 3d), the independent FISH 135 

data showed that Ccl2 mRNA expression was induced in the microglia cells with chronic 136 

morphine treatment but was reduced following 24-hour morphine withdrawal (Fig. 3e, 3f).  137 

 138 

Morphine dependence and morphine withdrawal induced distinct pathway changes in 139 

neurons and microglial cells 140 

Next, we conducted a gene set enrichment analysis (GSEA) [12] to investigate the changes of 141 

various gene sets or pathways in each cell population. We first focused on neurons which 142 

showed the highest number of DEG. Under the dependence condition, among the 4497 143 

biological process gene ontology terms (GOs) that were analyzed, 802 GOs were significantly 144 

upregulated while 6 GOs were downregulated (Supplementary Table 9). We then constructed 145 

an enrichment map [13] of the most significantly changed GOs. As shown in Fig. 4a, the synaptic 146 

transmission GOs such as trans-synaptic signaling, neurotransmitter transport, glutamatergic 147 

transmission, were upregulated. Correspondingly, the GOs that were related to synaptic 148 

transmission, including protein/ion transport, synaptic plasticity, etc. were also activated. 149 

Various metabolic processes and cellular respiration were promoted, which could provide more 150 

building blocks and energy to support the increased neuronal activity. When we compared the 151 

withdrawal neurons to the dependent cells, there were 942 upregulated and 581 152 

downregulated GOs (Supplementary Table 10). The enrichment map (Fig. 4b) showed further 153 

activation of the macromolecule metabolic processes and gene expression. However, there was 154 

a decrease in synaptic transmission with the relevant GOs significantly deactivated. This was 155 



associated with reduced nucleotide metabolism and cellular respiration. Interestingly, these 156 

withdrawal neurons exhibited an activated immune response, and various cytokine production 157 

pathways were also promoted.  158 

Microglia, as the resident immune cells in the brain, play a pivotal role in the immune response 159 

and neuroinflammation [14]. Their activity is linked to various emotions and behaviors such as 160 

compulsive behaviors, anxiety, depression, and SUD [15-18]. Our GSEA data showed that 1143 161 

biological process GOs were significantly changed (947 upregulated, 196 downregulated) under 162 

morphine dependence, while there were more deactivated GOs (468 upregulated, 1026 163 

downregulated) when comparing the withdrawal state to dependence (Supplementary Table 9 164 

and 10). Consistent with our current understanding of opioid induced neuroinflammation [15, 165 

19, 20] and microglia activation during opioid treatment [21, 22], in the morphine dependent 166 

microglia, the cell activation pathways were enhanced and the immune response, inflammatory 167 

response, cytokine production as well as the response to cytokines were promoted (Fig. 4c). 168 

The pathways involved in metabolic processes and gene expression were also activated. In 169 

agreement with the literature [21, 23, 24], our data showed that chronic opioid treatment 170 

resulted in microglia apoptosis, and enhanced MAPK as well as ERK pathways. However, as 171 

shown in Fig. 4d, under the withdrawal condition these activated pathways were mostly 172 

downregulated, suggesting a dramatic switch of the cellular status when the brain underwent 173 

the withdrawal process. Importantly, cellular responses to stress including the immune 174 

response, response to ROS, protein folding, etc. were deactivated, which was consistent with 175 

our DEG analysis showing a dramatic decrease in the expression of the heat shock protein 176 

families under the withdrawal condition (Fig. 2l).  177 

 178 

Distinct pathway changes were revealed across different cell types  179 

GSEA is more sensitive than the DEG analysis because it aggregates information from a set of 180 

genes which are functionally relevant, therefore we were able to conduct GSEA in all the cell 181 

types including the populations that had limited cell numbers and didn’t show many DEG. 182 

Under both dependence and withdrawal conditions, there were shared and cell type-specific 183 

changes of gene sets across the 17 cell types (Supplementary Table 9 and 10). Here we 184 

compared the GO terms that represented the key biological processes between different 185 

conditions (Fig. 4e). With chronic morphine treatment the upregulated translation process and 186 

peptide biosynthesis were shared in ASC, MG, OPC, EC, and OLG. Cellular respiration pathways 187 

were activated in ASC, OPC, NEUR and NFOLG. Biosynthesis of different molecules and various 188 

cell signaling pathways exhibited distinct changes among 17 cell types. As shown here (Fig. 4e-189 

left) and discussed before, MG was the major cell type that increased the 190 

immune/inflammatory response and cytokine production under dependence. 191 

Compared to these dependent cells, the withdrawal cells showed more dramatic changes (Fig. 192 

4e-right). Gene expression GOs were downregulated in almost all the major cell types except 193 

neurons. The deactivated cellular respiration pathways occurred not only in NEUR, but also in 194 

glia cells (ASC, OPC, MG, EC, OLG, PC). Interestingly, two groups of cell types showed opposite 195 

changes in the immune related GOs: EC and immune cell types - MG, MAC, DC, exhibited 196 

downregulation; while NEUR, OLG, NFOLG and EPC showed upregulations (discussed later). In 197 



addition, neurotransmitter transport was enhanced in MG, OPC, EC, NFOLG, DC and EPC, but 198 

was deactivated in NEUR and PC.  199 

 200 

Immune response and inflammation showed distinct and dramatic changes in a cell type 201 

specific manner 202 

Among the biological processes being analyzed, immune response related pathways showed 203 

the most intriguing changes (Fig. 4). Neuroinflammation is shown to be involved in various 204 

neurodegeneration diseases and neuronal disorders such as anxiety and SUD [6, 25, 26]. So 205 

next we analyzed the detailed GO terms and pathways that were relevant to the immune 206 

response and inflammation. As shown in Fig. 5a-left, when we compared the morphine 207 

dependent cells to naïve cells, most of the pathway activations occurred in MG.  208 

More interesting and unexpected changes happened under the withdrawal condition (Fig. 5a-209 

right) when these cell populations could be divided to two groups based on their immune 210 

status changes: group1 cell types (MG, MAC, DC, EC) showed deactivations, yet group2 cell 211 

types (NEUR, OLG, NFOLG, EPC) showed largely upregulations. The downregulated innate 212 

immune response, humoral immune response, inflammatory response, response to cytokines, 213 

and TNF production were shared in all the group1 cell types. For other gene sets, MG, DC and 214 

EC showed more similar changes. The group2 cell types shared the upregulated immune 215 

response and cytokine productions, especially IL6 and interferon gamma production. The 216 

inflammatory response and TNF production were enhanced in most of these cell types.  217 

Next, we checked the changes of inflammation related genes. As shown in Fig. 5b, chronic 218 

morphine treatment induced the expression of Ccl2, Cx3cl1, Gls, Tlr4, Tnf in the three immune 219 

cell populations – MG, MAC, and DC. Cell types EC and MAC showed a significant upregulation 220 

of Icam1 and Vcam1, both of which encoded intercellular adhesion proteins that regulate 221 

immune cell recruitment to the sites of inflammation. 222 

Under the withdrawal condition, the group1 immune cells showed decreased expression of 223 

Nlrp3, Tlr4, Tnf, Hmox1 and several CC chemokine family members. Icam1 and Vcam1 224 

expression were reduced in EC. However, the group2 cells exhibited mostly the opposite 225 

changes (Fig. 5d). For example, CC chemokine family members (Ccl12, Ccl2, Ccl4) and glutamate 226 

metabolism genes (Gls, Glul) were upregulated in NFOLG and EPC. The induced expression of 227 

Cx3cr1, Cxcl12, Tnf, etc., were shared in group2 cell types. Of note, an upregulation of Csf1 228 

receptor was reported in neurons after brain injury and Csf1r signaling facilitated neuron 229 

survival [27]. With the upregulation of Csf1r shown in NEUR in our data (Fig. 5d), this suggests 230 

that under morphine withdrawal the activity of neurons might be dampened, and this was also 231 

supported by our data showing cellular respiration and synaptic transmission were significantly 232 

decreased in the withdrawal neurons (Fig. 4b). 233 

 234 

Cell-cell communications after chronic morphine treatment 235 

Finally, we analyzed the cell-cell interactions (CCI) among all the recognized cell types in the 236 

amygdala (see Methods). Based on the DEG analysis, we were able to study the changes of 237 



ligand-receptor/signaling interactions with chronic morphine treatment. Under the morphine 238 

dependence condition, we highlighted the communications among NEUR, MG, EC and ASC. As 239 

shown in Fig. 6, the increased expression of Tnf in MG possibly enhanced the interactions 240 

between MG and NEUR, or MG and EC through a variety of receptors or pathways in NEUR or 241 

EC. Importantly, this same ligand might regulate different biological processes, depending on 242 

the receptors. For example, MG-Tnf interacted with several receptors on NEUR (Fig. 6a) and 243 

one of them was Lifr which was shown to regulate neuron differentiation and maturation [28]. 244 

At the same time, Tnf upregulation in MG was able to induce the Csf1 expression in EC (Fig. 6c), 245 

and the increased EC-Csf1 further communicated with several pathways in MG (Fig. 6d), one of 246 

which was mediated by the Csf1 receptor (Csf1r) that was important for microglial viability and 247 

activity [29].  EC also used other ligands to send the signals back to MG. The significantly 248 

upregulated Vcam1 and Spp1 in EC might potentiate the recruitment of MG to the 249 

inflammatory site through binding to the increased receptor Itga9 on MG (Fig. 6d).  250 

In addition to the CCI between different cell types, our single-cell data also revealed CCI within 251 

the same cell type. BDNF, one of the neurotrophin family of growth factors, played pivotal roles 252 

in neural growth, survival, plasticity and importantly, it was involved in mood modulation and 253 

drug addiction [30, 31]. Our current analysis showed that the increased BDNF expression in 254 

NEUR, not only promoted its interactions with a variety of receptors on MG (Fig. 6b) and ASC 255 

(Supplementary Fig. 8b), but also activated its downstream signaling within the neuron 256 

population itself (Supplementary Fig. 8a).  257 

 258 

Cell-cell communications under morphine withdrawal 259 

Under the withdrawal condition, a dramatic change was observed in CCI when compared to the 260 

dependence state (Fig. 7, Supplementary Fig. 9). Most of the activated interactions between 261 

MG and EC under the dependence condition were downregulated (Fig. 7a, 7b). Various 262 

cytokine-receptor mediated interactions were reduced between MG and EC, which might 263 

contribute to the dampened inflammatory responses in both MG and EC under the withdrawal 264 

condition. The signals that MG received, and decreased MG activation were also coming from 265 

NEUR. Both the reduced Cxcl10 in EC (Fig. 7b) and reduced Cx3cl1 in NEUR (Supplementary Fig. 266 

9a) would possibly deactivate the Ccrl2 mediated pathway in MG, which was important for 267 

microglial activation and polarization [32].  268 

Oligodendrocytes produce myelin sheaths that provide support and insulation to neurons, and 269 

ependymocytes play pivotal roles in cerebrospinal fluid homeostasis and brain metabolism. Our 270 

CCI analysis revealed OLG-NEUR and EPC-NEUR interactions that may also regulate neuron 271 

growth and the immune response. As shown in Fig. 7c, 7d and Supplementary Fig. 9c, the 272 

increased expression of ligands including Vtn, Fn1, and Spp1 in OLG, EPC and NFOLG would 273 

enhance their interactions with the receptor Itga8, which was also significantly increased in 274 

NEUR and was involved in neurite outgrowth [33]. Several cytokine receptors (Il1rap, Cx3cr1, 275 

Il6ra, etc.) were upregulated in NEUR, and their corresponding ligands (Il1a, Cxcl10, Il6, etc.) 276 

were expressed at increased levels in OLG and EPC; therefore, the interactions between these 277 

ligands and receptors most likely will promote immune response in NEUR. Notably, since the 278 

cytokine productions were reduced in MG, DC and EC under morphine withdrawal (Fig. 5a, 5c), 279 



the enhanced cytokine signals that NEUR received might mainly come from the non-immune 280 

glia cells OLG and EPC.  281 

In summary, our single-cell data unraveled gene expression and pathway changes that 282 

regulated key biological processes within each cell population and in other cell types via the 283 

modified cell-cell communications.  284 

 285 

Discussion 286 

SUD is a complex process in which various brain regions are involved. The amygdala is a 287 

recognized region that mediates the withdrawal effect as well as anxiety and depression-like 288 

behaviors, both of which are well known co-morbidities of SUD [2, 9, 10]. In this study, we 289 

performed scRNA-seq to identify the cell types in mouse amygdala and investigated their 290 

unique transcriptional profiles under both morphine dependence and withdrawal states. 291 

As was observed in other scRNA-seq studies investigating the whole brain and other brain 292 

regions [7, 8, 34], the mouse amygdala also showed rich cellular heterogeneity. Our study 293 

identified 17 major cell types (Fig. 1b), and subtypes for neurons and astrocytes 294 

(Supplementary Fig. 6, 7). The proportion of each cell type was consistent, suggesting chronic 295 

morphine treatment did not influence the composition of the amygdala tissue, but did affect 296 

the transcriptional profiles of all cell types according to our subsequent DEG analysis. 297 

When we compared the morphine dependence sample to the naïve sample, different cell types 298 

exhibited distinct transcriptional changes (Fig. 2a, 2e, 2h, Supplementary Fig. 4). When the 299 

condition switched to withdrawal, most of the cell populations showed more significant DEG 300 

(Fig. 2d), in which neurons exhibited the most prominent changes, suggesting dramatic 301 

transcriptional changes in the amygdala after the acute 24-hour morphine withdrawal. These 302 

data were in line with the study showing that the transcriptional changes in the PFC neurons 303 

were more dramatic during cocaine withdrawal than that during the drug maintenance phase 304 

[8]. These imply the importance of the cellular response to withdrawal-induced stimuli in the 305 

development of drug dependence.  306 

Heat shock proteins play important roles in protein folding and cellular response to stress [11]. 307 

Hsp70 and Hsp40 families were largely upregulated under the morphine dependence condition 308 

(Fig. 2k), which was consistent with other studies showing that morphine exposure induced the 309 

expression of Hsp70 and Hsp40 mRNAs in various brain regions such as the frontal cortex and 310 

amygdala [35, 36]. Considering the role of Hsp70 in cell survival, the function of Hsp40 as the 311 

co-chaperone for Hsp70 and their interactions with the MAPK signaling pathways [37, 38], it is 312 

likely that the upregulation of these heat shock proteins reflects a protective effect against 313 

morphine-induced cell toxicity which has been reported by other research groups [23, 24]. This 314 

is also illustrated in our single-cell data with the increased cell death and activated MAPK as 315 

well as ERK signaling in glia cells, like microglia (Fig. 4c). In addition, our current data (Fig. 2l) 316 

and data by Ammon et. al showed the induced Hsp70 and Hsp40 were reversed under 317 

spontaneous withdrawal or by naloxone-precipitated withdrawal [36]. Future studies on the 318 

dynamic changes of these heat shock proteins will reveal more information about how the cells 319 

respond to stresses under different states in SUD.  320 



Based on the DEG, we conducted GSEA to investigate how different cell types modulated their 321 

biological processes. Our data not only revealed findings that were consistent with the 322 

literature, but also unraveled novel findings of the cellular status in SUD. Here we highlighted 323 

the immune/inflammation process which has been shown to influence neuronal activity and 324 

was linked to various neuronal disorders, such as anxiety, depression and SUD [6, 25, 26]. 325 

Under morphine dependence, microglia was the major cell type mediating an augmented 326 

neuroinflammation, demonstrated by the increased cell activation, enhanced immune and 327 

inflammatory responses, promoted cytokine production, etc. (Fig. 4c). Importantly, our data 328 

studying the amygdala, which is mainly involved in the negative effect and emotional 329 

dysregulation during withdrawal, suggested these dependence-associated changes might be 330 

closely related to, or function as, priming events to influence the response to drug withdrawal.  331 

More dramatic and unexpected changes were observed under the morphine withdrawal 332 

condition. In this study, we applied a spontaneous withdrawal model that mimics human 333 

activity. Therefore, our withdrawal data will complement other studies using precipitated 334 

withdrawal models and provide new information into the current understanding of the drug 335 

withdrawal process. One of the most recent studies on rat amygdala [39] using laser capture 336 

microdissection showed that inflammatory genes, such as Tnf and Il6, remained unchanged 337 

with morphine treatment, yet were upregulated in neurons, microglia and astrocytes in the 338 

naltrexone-precipitated withdrawal state. Although our scRNA-seq data didn’t show a similar 339 

trend in astrocytes, our data did show that Tnf, Icam1, and Cxcl12 were upregulated in neurons, 340 

and their immune response was activated under the spontaneous withdrawal condition (Fig. 341 

5a, 5d). More importantly, in our data neurons and oligodendrocytes were suggested to be the 342 

main cell types that mediate neuroinflammation during spontaneous morphine withdrawal 343 

since the immune/inflammatory response in microglia, macrophage, and endothelial cells were 344 

downregulated (Fig. 5a). This bidirectional regulation of the immune response in morphine 345 

withdrawal is noteworthy. The reduced immune function in the immune cells was possibly due 346 

to the absence of morphine, and/or that their cellular activities (immune response is their main 347 

function) were compromised as a result of cell death induced by chronic morphine treatment, 348 

and/or the signals received from other cells (Fig. 7b). At the same time, the reduced immune 349 

response in immune cells might directly or indirectly activate the immune response in neurons 350 

and oligodendrocytes, such as by enhancing the expressions of chemokines including Icam1 and 351 

Cxcl12 to recruit more functional leukocytes. Yet, the synaptic transmission in neurons was 352 

greatly affected (Fig. 4b), which would influence the behaviors and emotions during morphine 353 

withdrawal. A recent study by Duan et al. showed mitochondria in the amygdala was impaired 354 

by chronic stress and mitochondrial loss induced weakening of synapses which resulted in 355 

increased anxiety [40]. High-anxious rats exhibited reduced mitochondrial function in the NAc 356 

[41]. In our single-cell data, decreased cellular respiration and mitochondrial function were 357 

observed in several cell populations, especially in neurons (Fig. 4a and 4e). This suggests that 358 

mitochondrial dysfunction in the amygdala might greatly affect neurotransmission during 359 

withdrawal and as a result promote anxiety-like behavior that accompanies SUD.  360 

In addition to studying the biological processes in each cell type, we analyzed intercellular 361 

communications by measuring the ligand-receptor interactions. This is highly important for 362 

studies of the brain since the communications between and within neurons and glia cell types 363 



play pivotal roles in modulating neuronal activity. Especially when we consider the importance 364 

of cytokines in immune/inflammatory response, and the link between neuroinflammation and 365 

drug dependence/addiction. This cell-cell interaction information will help us to discover novel 366 

sources and targets of signal transductions that underly SUD and related co-morbidities.  367 

Our work, as well as recent studies [7, 8, 34], benefited from the sensitivity and power of 368 

scRNA-seq to study the highly heterogenous brain tissues and more importantly to investigate 369 

cellular changes under different conditions, including drug addiction [7, 8]. Yet, we also 370 

encountered the common technical limitations of scRNA-seq, such as the shallow depth of 371 

sequencing, the potential sampling problems due to manual and enzymatic dissociation of the 372 

brain tissues that might induce differences between experimental groups, etc. Additionally, 373 

several limitations of our current study can be improved in future studies, including having 374 

single time point of data collection following withdrawal. Future studies aimed at including 375 

multiple later time points following morphine withdrawal will allow us to delineate the 376 

trajectory analysis. This will also provide more insight into anxiety or depression-like behaviors 377 

which occur several days or weeks after drug withdrawal [42, 43]. It will also be useful to 378 

optimize our current single cell dissociation protocol (see Methods) to preserve more neurons 379 

and oligodendrocytes. The proportion of NEUR and OLG cell types in our single-cell data are 380 

lower than that in other scRNA-seq datasets [7, 8, 34, 44]. Although these studies were done 381 

with the whole brain or other brain regions and different tissue dissociation procedures were 382 

followed, it will be important to explore the ideal protocol so that the scRNA-seq data reflect 383 

the actual tissue composition. In the future, it will be meaningful to investigate the subregions 384 

in the amygdala considering their different roles in drug withdrawal and anxiety [45]. This might 385 

be achieved with spatial transcriptomics [46]. 386 

In summary, our current work has provided a comprehensive dataset of genes, biological 387 

pathways and ligand-receptor interactions for all the identified cell types under both morphine 388 

dependence and withdrawal conditions. As a resource for the neuroscience community and to 389 

those who study the biology of drug dependence/addiction, our study not only provides more 390 

evidence to support the current understanding, yet in a cell-type specific manner, but also 391 

provides novel insight into how different cell populations behave and communicate under 392 

different conditions at the molecular level. Since other brain disorders such as anxiety and 393 

depression occur during SUD, our data also provide meaningful information in these fields. Last, 394 

the novel findings that are revealed in our data provide clues for future strategies targeting 395 

either the genes or pathways in specific cell populations for the prevention or treatment of 396 

drug addiction and related neuronal disorders. 397 

 398 

Methods 399 

Animals 400 

Eight-week-old C57BL/6J male mice were purchased from Jackson Laboratories (Bar Harbor, 401 

ME, USA) (https://www.jax.org/strain/003752). Animal maintenance and procedures were 402 

conducted according to the Institutional Animal Care and Use Committee policies at the 403 

University of Miami. Mice were injected with morphine sulfate (15mg/kg) intraperitoneally (IP) 404 



twice daily (every 12 hours) for 7 days. Mice in the Dep group were sacrificed 3 hours after last 405 

injection and mice in the With group were sacrificed 24 hours after last injection. The detailed 406 

drug treatment plan was shown in Supplementary Fig. 1a. 407 

 408 

Withdrawal behavior test 409 

Withdrawal behavior was monitored 24 hours after the last morphine injection to evaluate 410 

both the presence and severity of withdrawal symptoms. Mice were placed in a plexiglass 411 

chamber for 15 minutes and their behavior was recorded on a video camera. The videos were 412 

scored and verified by a blind observer for withdrawal symptoms that were described 413 

previously [47]. In this study, symptoms of withdrawal were evaluated on the frequency of 414 

symptoms including wet dog shaking (shaking of head or the entire body), jumping (raising all 415 

four paws off the ground rapidly) and grooming (using limbs to manipulate head or body). This 416 

resulted in a quantifiable score of the withdrawal symptoms, in which a higher withdrawal 417 

score signified higher severity of withdrawal. These withdrawal scores were compared between 418 

the With and Naive groups.  419 

 420 

Tissue dissociation and single-cell RNA sequencing 421 

Three batches of experiments were conducted, and each batch included one Naive, Dep and 422 

With group. Thus, nine independent biological samples were processed. Amygdala dissection 423 

and tissue dissociation were performed at the same time period (10am–12pm) for all the 424 

samples to limit circadian variation. The widely used Papain Dissociation System (Worthington 425 

Cat No. LK003182) was modified based on other published protocols [8, 34] so that single cell 426 

solutions with high cell viability (~90%) could be acquired within 2 hours. Briefly, after mice 427 

were sacrificed brains were immediately dissected and transferred into ice-cold HBSS. The 428 

amygdalae were dissected from 4~5 mice according to the previous protocol [48] and were 429 

pooled together. The tissues were cut into small pieces and incubated in 2ml pre-warmed 430 

papain solution (EBSS containing approximately 20 units/ml papain and 0.005% DNase) at 30°C 431 

for 45 min with gentle constant agitation. After the incubation, all the following procedures 432 

were performed on ice. The mixture was triturated gently with a fire polished 2ml Pasteur glass 433 

pipette and the supernatant were transferred carefully to a fresh tube. 2ml of EBSS containing 434 

the albumin ovomucoid inhibitor was added to the remaining tissues, which was triturated 435 

gently with another fire polished 2ml Pasteur glass pipette and the supernatant was 436 

transferred. This step was repeated one more time. The resulted 6ml supernatant containing 437 

single cells were pooled together and the cell clusters/tissue debris were removed by serial 438 

filtration through prewetted 70µm and 40μm cell strainers. The single cell suspension was 439 

centrifuged at 220g for 7 min at 4°C. The cells were then washed in 10ml PBS containing 0.04% 440 

BSA twice, after which the cells were resuspended in PBS containing 0.04% BSA. 10μl aliquots 441 

were stained with Trypan Blue and cell numbers were counted three times for each sample. 442 

During the whole procedure, 5% (w/v) trehalose (Sigma Aldrich Cat No. T0167) was added in 443 

the buffers to ensure higher cell viability [49].  444 



After dissociation, cell suspensions were diluted to 1,000~1,200 cells/μl with PBS containing 445 

0.04% BSA. For every sample, 16,500 cells were loaded into a Chromium Single Cell 3’ Chip (10X 446 

Genomics) and processed according to the manufacturer’s protocol. scRNA-seq libraries were 447 

prepared with the Chromium Single Cell 3’ GEM, Library & Gel Bead kits v3.1 (10X Genomics). 448 

Libraries were pooled and sequenced on the NovaSeq6000 instrument (Illumina).   449 

 450 

Raw data processing and clustering 451 

Cell Ranger (v.6.1) (10X Genomics) was used to perform de-multiplexing, barcode processing 452 

and generate the single cell gene expression matrix with the default parameters.  453 

Initial processing and visualization of the scRNA-seq data were performed with the Seurat 454 

(v.4.0) package [50, 51] in R (v.4.1). Our initial dataset with nine samples together contained 455 

121,856 cells. For initial quality-control, we filtered the cells with the following parameters: 456 

maximum percentage of mitochondrial RNA = 20% (to remove potential dead cells), minimum 457 

number of nFeature_RNA = 250 and minimum number of nCount_RNA = 500 (to remove 458 

debris), maximum number of nFeature_RNA = 6,000 and maximum number of nCount_RNA = 459 

30,000 (to exclude potential doublets and outliers). We also removed any genes that were only 460 

expressed in fewer than 5 cells. With the remaining 82,528 cells we did an initial clustering. To 461 

minimize potential batch effect and to perform comparative scRNA-seq analysis across 462 

experimental conditions, we applied the Seurat integration procedure [52]. Briefly, the data 463 

from each sample were log normalized and scaled to 10,000 transcripts per cell, and the 464 

function FindVariableGene() was used to identify variable features for each sample 465 

independently. The function SelectIntegrationFeatures() was then used to select features that 466 

are repeatedly variable across samples, after which the anchors were identified using the 467 

FindIntegrationAnchors() function. Then these anchors were used to integrate the nine samples 468 

together with the function IntegrateData(). The integrated data was scaled to find the top 30 469 

principal components (PCs) which were used to identify cell clusters by using the function 470 

FindNeighbors() followed by FindClusters() with the resolution as 1.0. This procedure resulted in 471 

46 clusters and the color-coded clusters were visualized with the UMAP plot (Supplementary 472 

Fig. 2a).  473 

To determine the cell types for these initial 46 clusters, we first used the function 474 

FindAllMarkers() to search for the top differential markers for each cluster, which were then 475 

paired with multiple cell-type specific/enriched marker genes (described in the next section). 476 

The clusters being assigned to the same cell type were combined and 22 clusters were 477 

generated, including two unrecognized clusters (Supplementary Fig. 2b). As the transcriptional 478 

profiles shown in Supplementary Fig. 2c, one of the unrecognized clusters expressed both 479 

astrocyte marker (Gja1) and oligodendrocyte marker (Mbp) and the other expressed both 480 

neuron marker (Syt1) and microglial marker (Tmem119). These clusters were likely doublet 481 

artifacts arising from the co-capture of multiple cells in one droplet, yet it was also possible 482 

they were novel cell types that have not been identified. It will be interesting to investigate 483 

these cells in future studies. For our current data analysis, we removed these two clusters. 484 

Additionally, we filtered out the cells that belong to meningeal tissue that we didn’t remove at 485 

the initial dissection step for the sake of fast sample processing. These cells included epithelial 486 



cells (EPIC), arachnoid barrier cells (ABC) as well as vascular and leptomeningeal cells (VLMC) 487 

(Supplementary Fig. 2a, 2b). Finally, 77,957 cells representing 17 clusters (Fig. 1b, 488 

Supplementary Table 3) with data for 23,057 genes were retained in our dataset for subsequent 489 

analysis. For the final dataset, the average number of detected genes, number of UMI counts 490 

and percentage of mitochondrial RNA were 2,407.8, 6,508.1, and 9.27% respectively. Other 491 

sequencing metrics about each sample, experiment group, batch, and cluster were summarized 492 

in Supplementary Table 2, and shown in Supplementary Fig. 2 and 3.  493 

 494 

Determination of cell identity  495 

Cell-type specific/enriched marker genes that have been described before to determine cell 496 

identity were used: Gja1 [44] for ASC, Pdgfra [53] for OPC, Tmem119 [54] for MG, Cldn5 [55] for 497 

EC, Syt1 [56] for NEUR, Cldn11 [52] and Mobp [8] for OLG, Pf4 [57] for MAC, Vtn [58] for PC, 498 

Enpp6 [59] for NFOLG, Acta2 [54] for VSMC, Cd74 and Cd209a [60] for DC, Ccdc153 [61] for EPC, 499 

Thbs4 [62] for NSC, Cd44 [63] for ARP, Top2a and Cdk1 [34] for NRP, Cd3d for Tcells, S100a9 500 

[59] for NEUT, Ttr [64] for EPIC; Slc6a13 [34] for VLMC; Slc47a1 [34] for ABC. For the neuron 501 

and astrocyte sub-clustering, the similar procedures were conducted, and the identification of 502 

their subtypes was based on reported neuron [8, 34, 64] or astrocyte [65] subtype marker 503 

genes respectively. 504 

 505 

Analysis of differentially expressed genes (DEG) 506 

To identify the DEG compared between experiment groups (Dep vs. Naive, With vs. Dep), we 507 

used the edgeR (v.3.32) package [66] in R (v.4.1). edgeR generates logFC (with the base as 2), P 508 

value and FDR. Specifically, we used the edgeRQLFDetRate method which is based on quasi-509 

likelihood F-test, resulting in more conservative and rigorous type I error rate control [67], and 510 

has been shown to perform better than other methods for DEG analysis in scRNA-seq data [68]. 511 

With this method we were able to detect significant subtle transcriptional changes in the 512 

clusters that had large number of cells, while in relatively small cell populations it was more 513 

conservative to identify the DEG with much higher fold changes (Fig. 2a, 2b, Supplementary 514 

Table 4 and 5). 515 

 516 

Pathway analysis and enrichment map  517 

Gene Set Enrichment Analysis (GSEA) [12] was used to analyze the changes of biological 518 

processes or pathways between experiment groups (Dep vs. Naive, With vs. Dep). We used the 519 

GSEA software (v.4.1) that was developed and maintained by UC San Diego and Broad Institute 520 

[12, 69]. Pathway analysis and visualization were conducted following the protocol described by 521 

Reimand et. al [70]. Briefly, for each comparison between experiment groups a ranked gene list 522 

was generated for each cell population. These ranked gene lists were used as input, and two 523 

databases (GeneOntology and Reactome) were used as references for the GSEA analysis. 1000 524 

permutations were performed. Only gene sets with p value < 0.05 and FDR q value < 0.25 were 525 

considered as significantly enriched. Normalized Enrichment Score (NES) was used for 526 



examining gene set enrichment. A positive NES indicated upregulation while negative NES 527 

indicated downregulation.  528 

Pathway network visualization was carried out with the EnrichmentMap application (v.3.3) [13] 529 

in Cytoscape software (v.3.9). Only the gene sets (p value < 0.05 and FDR q value < 0.15) for GO 530 

biological processes were mapped. Pathways were shown as nodes that were connected with 531 

edges if the pathways shared many genes. Nodes were colored by NES, and edges were sized 532 

on the basis of number of genes shared by the connected pathways. Nodes were manually laid 533 

out to form a clearer picture. Gene sets that represented the similar pathways were grouped 534 

together and labeled using the AutoAnnotate application (v.1.3) [71]. Individual gene set labels 535 

were removed for clarity. 536 

 537 

Analysis of cell-cell interactions 538 

The cell-cell communication mediated by ligand-receptor interactions were analyzed using the 539 

CCInx (v.0.5) package [34] in R (v.4.1). The ligand-receptor interaction dataset is available at 540 

https://baderlab.org/CellCellInteractions. To study the changes of these interactions under 541 

morphine dependence or withdrawal conditions, the DEG being analyzed by edgeR were used 542 

to build the networks between cell types. In these networks, ligands or receptors in the 543 

denoted cell type were represented by the nodes which were colored by the log2FC. Node 544 

borders indicated the FDR value of the DEG. Edges represent ligand-receptor interactions. Edge 545 

color indicated the sum of scaled differential expression magnitudes from the ligand node and 546 

receptor node. 547 

 548 

RNAscope in situ hybridization 549 

RNAscope in situ hybridization was performed on fresh-frozen brain tissue from 15 mice (5 550 

Naive, 5 Dep and 5 With). Brains were harvested immediately after the mice were sacrificed. 551 

The coronal section (~2mm) containing the amygdala were flash-frozen in OCT (Tissue Tek) and 552 

were saved at -80°C until further processing. 14μm coronal sections were cut at -20°C. Multi-553 

channel fluorescence in situ hybridization was performed using the RNAscope Multiplex 554 

Fluorescent Manual Assay kit (Advanced Cell Diagnostics (ACD)) following the manufacturer’s 555 

protocol. Regions of the amygdala were selected according to the Allen Mouse Brain Atalas 556 

(https://portal.brain-map.org). Probes against Tmem119 (ACD Cat No. 472901), Ccl2 (ACD Cat 557 

No. 311791) and Dnaja1 (ACD Cat No. 454351) were used.  558 

 559 
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 743 

Fig.1 Identification of cell types in mouse amygdala. a, Schematic of the experimental workflow. Naive: naïve mice; Dep: mice 744 
under morphine dependence condition; With: mice under morphine withdrawal condition (see details in Supplementary Fig. 745 
1a). b, UMAP (Uniform Manifold Approximation and Projection) plot showing the clustering of 77,957 cells (27141 from Naive, 746 
27275 from Dep, 23541 from With) based on transcriptome. ASC, (astrocytes, Gja1+), OPC (oligodendrocyte progenitor cells, 747 
Pdgfra+), MG (microglial, Tmem119+), EC (endothelial cells, Cldn5+), NEUR (neurons, Syt1+), OLG (oligodendrocytes, Mobp+ or 748 
Cldn11+), MAC (macrophages, Pf4+), PC (pericytes, Vtn+), NFOLG (newly-formed oligodendrocytes, Enpp6+), VSMC (vascular 749 
smooth muscle cells, Acta2+), DC (dendritic cells, Cd74+), EPC (ependymocytes, Ccdc153+), NSC (neural stem cells, Thbs4+), ARP 750 
(astrocyte-restricted precursors, Cd44+), NRP (neuronal-restricted precursors, Top2a+), TCELLS (T cells, Cd3d+) and NEUT 751 
(neutrophiles, S100a9+). c, UMAP plots of 9 cell populations showing the expression of cell type-specific/enriched marker 752 
genes. d, Violin plot showing the expression of well-known cell type-specific/enriched marker genes in 17 cell clusters. e, Bar 753 
plots showing the number of cells, number of detected genes in each cluster, the average number of features (genes) and UMI 754 
counts in each cluster. 755 

 756 

 757 



 758 

Fig.2 Differentially expressed genes under morphine dependence and withdrawal conditions. a, b, Strip charts showing the 759 
logarithmic fold changes (log2FC) of all detected genes (dots) in 17 clusters. Genes in colored dots are significantly changed 760 
(FDR < 0.05 and FC > 10%) comparing Dep to Naive (a), or With to Dep (b). c, d, Bar plots showing the number of significantly 761 
downregulated (Down) or upregulated (Up) genes in 17 clusters, comparing Dep to Naive (c), or With to Dep (d). e, f, Volcano 762 
plots showing the log2FC and -log10(FDR) of detected genes in NEUR, comparing Dep to Naive (e), or With to Dep (f). 763 
Significantly downregulated genes are dots in blue, upregulated genes are in red and genes in black are not significantly 764 
changed. g, Venn diagram showing the overlap of Dep vs. Naive upregulated genes (left) or downregulated genes (right) with 765 
With vs. Dep upregulated or downregulated genes in NEUR. h, i, Volcano plots showing the log2FC and -log10(FDR) of detected 766 
genes in MG, comparing Dep to Naive (h), or With to Dep (i). Significantly downregulated genes are dots in blue, upregulated 767 
genes are in red and genes in black are not significantly changed. j, Venn diagram showing the overlap of Dep vs. Naive 768 
upregulated genes (left) or downregulated genes (right) with With vs. Dep upregulated or downregulated genes in MG. k, I, 769 
Heatmaps showing the log2FC of heat shock protein expressions comparing Dep to Naive (k), or With to Dep (l) in 17 clusters. 770 



 771 

Fig. 3 Validation of heat shock protein gene and immune related gene expressions in MG. a, Violin plot overlaid with dot plot 772 
showing the expression levels of Dnaja1 in our scRNA-seq data of MG population. b, Violin plot overlaid with box plot showing 773 
the quantification of the RNAscope data. Data represents median expression of Dnaja1 (number of mRNA puncta) in Tmem119+ 774 
MG cells (n=249 cells from 5 Naive mice, n=280 cells from 5 Dep mice, n=288 cells from 5 With mice). **** p value < 0.0001 by 775 
Mann-Whitney U-test. c, Representative RNAscope images of mouse amygdala showing the Dnaja1 mRNA puncta in Tmem119+ 776 
MG cells. Dotted lines outline the area of each cell that was considered for quantification. Scale bars, 5µm. d, Violin plot 777 
overlaid with dot plot showing the expression levels of Ccl2 in our scRNA-seq data of MG population. e, Violin plot overlaid with 778 
box plot showing the quantification of the RNAscope data. Data represents median expression of Ccl2 (number of mRNA 779 
puncta) in Tmem119+ MG cells (n=291 cells from 5 Naive mice, n=303 cells from 5 Dep mice, n=313 cells from 5 With mice). 780 
**** p value < 0.0001 by Mann-Whitney U-test. f, Representative RNAscope images of mouse amygdala showing the Ccl2 781 
mRNA puncta in Tmem119+ MG cells. Scale bars, 5µm. 782 
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 784 

Fig. 4 Changes of biological pathways and processes under morphine dependence and withdrawal conditions. a, b, 785 
Enrichment maps of significant pathways (p value < 0.05 and FDR q value < 0.15) in NEUR comparing Dep to Naive (a), or With 786 
to Dep (b). Normalized enrichment scores (NES) were calculated for each pathway by GSEA (see Methods). The networks were 787 
created using EnrichmentMap Cytoscape application (see Methods). Pathways are shown as nodes which are colored by the 788 
corresponding NES, and edges represent the number of genes overlapping between two pathways. Clusters of nodes were 789 
labeled using the AutoAnnotate Cytoscape application to identify major biological themes. Positive NES (red nodes) indicate 790 
upregulation, while negative NES (blue nodes) indicate downregulation. c, d, Enrichment maps of significant pathways (p value 791 
< 0.05 and FDR q value < 0.15) in MG comparing Dep to Naive (c), or With to Dep (d). e, Heatmap of NES showing a subset of 792 
significant pathways (p value < 0.05 and FDR q value < 0.25) in 17 cell types comparing Dep to Naive (left), or With to Dep 793 
(right). Positive NES indicates upregulation, negative NES indicates downregulation and white indicates no significant change. 794 
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 804 

Fig. 5 Changes of immune/inflammation related pathways and genes under morphine dependence and withdrawal 805 
conditions. a, Heatmap of NES showing a subset of immune/inflammation related significant pathways (p value < 0.05 and FDR 806 
q value < 0.25) in 8 cell types comparing Dep to Naive (left), or With to Dep (right). Positive NES indicates upregulation, negative 807 
NES indicates downregulation and white indicates no significant change. b, Heatmap showing the log2FC of inflammation 808 
related gene expressions comparing Dep to Naive in MG, MAC, DC, EC. c, d, Heatmaps showing the log2FC of inflammation 809 
related gene expressions comparing With to Dep in MG, MAC, DC, EC (c), and in EPC, NFOLG, OLG, NEUR (d). 810 



 811 

Fig. 6 Changes of cell-cell interactions with chronic morphine treatment. Ligands or receptors in the denoted cell type are 812 
represented by the nodes which are colored by the log2FC. Node borders indicate the FDR value of the DEG analysis. Edges 813 
represent ligand-receptor interactions. Edge color indicates the sum of scaled differential expression magnitudes from the 814 
ligand node and receptor node. The figures have been filtered so that the top 75 edges representing the most differentially 815 
expressed node pairs are shown. The comparisons were between Dep and Naive samples. a, ligands expressed in MG with 816 
receptors expressed in NEUR. b, ligands expressed in NEUR with receptors expressed in MG. c, ligands expressed in MG with 817 
receptors expressed in EC. d, ligands expressed in EC with receptors expressed in MG. 818 



 819 

Fig. 7 Changes of cell-cell interactions during morphine withdrawal. The comparisons were between With and Dep samples. a, 820 
ligands expressed in MG with receptors expressed in EC. b, ligands expressed in EC with receptors expressed in MG. c, ligands 821 
expressed in OLG with receptors expressed in NEUR. d, ligands expressed in EPC with receptors expressed in NEUR. 822 
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