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Abstract
The addiction �eld relies heavily on rodent models to probe the complex molecular mechanisms underlying drug
motivation and reward. However, �ndings in animal research often fail to be reproduced or translated into clinical
treatments. Here, we developed and applied standardized work�ows to three RNA-sequencing (RNA-seq) studies in
rodent self-administration models to assess reproducibility and translational viability of potential gene targets.
Generally, we found low overlap of differentially-expressed genes (DEGs) across datasets using a signi�cance level of P
< 0.05, and only 1 DEG in any dataset after correcting for multiple testing (FDR < 0.05 or FDR < 0.1), raising concerns
about false positives. When using a nominal P value, which is a standard used in the �eld, we found potential genomic
targets for drug craving and withdrawal that overlap across datasets. Several of these shared genes are conserved in
humans and/or are highly expressed in reward regions of the brain, but the sample sizes in all datasets limit the power
to distinguish true positives from false positives. Thus, we advocate for improved RNA-seq experimental design, data
collection, statistical testing, and metadata reporting that will bolster the �eld’s ability to communicate across research
groups and advance addiction science in a more reproducible manner.

Introduction
Substance use disorders (SUDs) are a critical health issue resulting in substantial �nancial and social costs in the U.S.
and worldwide1. SUDs are driven by gene-environment interactions and manifest in complex behavioral phenotypes that
are di�cult to disentangle in clinical populations2,3. Because of this, few studies in human cocaine abusers are able to
incorporate both behavioral information and an unbiased evaluation of genetic data, e.g. through a genome-wide
association study (GWAS) or next-generation sequencing (though see 4. Thus, animal models have been critical to our
understanding of the behavioral and genetic correlates of drug abuse. The self-administration (SA) paradigm, in which
animals learn to repeatedly perform a behavior (e.g. lever press or nose poke) to receive a drug reinforcer, has long been
considered the gold standard of preclinical addiction research5. Variations on the SA model have been used to study
many aspects of substance abuse, including the pharmacological effects of drugs, initiation and maintenance of drug
use, and escalation of drug intake, among others (see 6–8 for reviews and critiques). Many preclinical paradigms have
shown strong predictive validity for human behavior9, but insights from rodent models have often failed to translate to
effective clinical treatments10,11.

Drug craving increases or “incubates'' after prolonged withdrawal, which promotes drug-seeking behavior in animals and
is thought to precede relapse in human drug abusers12–14. Because animal models allow researchers to probe biological
mechanisms with much greater detail than is viable in human subjects, the translational relevance of SA relies not just
on behavioral similarity between humans and animals, but on convergent neurobiology. While the neural circuitry of
reward is broadly shared between mammals15–17), gene expression variation throughout development between humans
and rodents18,19, may have implications for developing treatments based on rodent data. Therapeutic development
remains a critical goal of preclinical research, particularly for CUDs, which have no FDA-approved therapeutics despite
successful medications development for other SUDs20–22 and increased cocaine-related overdose deaths in recent
years23. Even more challenging for studying CUDs is that there exist clear, and sometimes stark, differences in
behavioral and neurobiological responses to drugs, both between rodent species9,24−27 and even between strains of the
same species28,29. Some researchers have begun to tackle these issues by leveraging data across rodents and humans
to hone in on convergent pathways and genes in drug abuse that may lead to more successful therapeutic targets30–32.

Here, we developed and implemented a pipeline to use multiple lines of evidence to identify candidate genes involved in
craving and abstinence. We used three publicly-available RNA-sequencing (RNA-seq) datasets from rodents that
underwent cocaine SA and prolonged abstinence to identify reproducible signals with convergent preclinical evidence.
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Though these studies had some methodological variation, each had the key, common feature of prolonged cocaine
abstinence, an important hallmark of the incubation effect that suggests all studies shared the underlying phenomenon
of cocaine craving. However, we found low overlap of craving-related genes across datasets using a nominal P value (P 
< 0.05) and only 1 signi�cant gene in a single dataset after correcting for multiple testing (FDR < 0.05 or 0.1). Utilizing
the shared genes (P < 0.05) as a test case, we demonstrate the need to consider evolutionary conservation and
expression across central nervous system (CNS) tissues when selecting candidate genes for further study. We propose
that using this methodology can narrow down candidate genes that are potential therapeutic targets due to likelihood of
functional conservation with humans or expression levels in reward-related brain regions. However, low sample sizes in
all datasets limit our ability to detect true positives. Therefore, we make speci�c recommendations for collecting and
reporting RNA-seq data, which will facilitate communication across labs and allow us to leverage our collective
knowledge to advance addiction science.

Materials And Methods
Data selection, access, and availability. Three publicly available RNA-seq datasets were selected based on similarity in
their experimental designs and the inclusion of treatment groups relevant to cocaine craving33–35. Because the datasets
have been published previously, we hereafter refer to them by their �rst authors (Carpenter, Powell, and Walker). Raw
RNA-seq �les were downloaded from NCBI’s Sequencing Read Archive (Carpenter: SRP234876, Powell: SRP246331;
Walker: SRP132477). Summaries of relevant design parameters and differences between studies are described in
Table 1. Additional information about these �les, detailed descriptions of analyses, and scripts are provided on GitHub
(https://github.com/SexChrLab/RodentAddiction).
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Table 1
Description of cocaine self-administration paradigms used in each study.

Study Species Sex Surgical
Anesthesia

Drug SA
Sessions

Schedule(s) of
Reinforcement

Abstinence Post-
Abstinence

Carpenter
et al.
(2020)

Mouse Male Ketamine,
xylazine

Cocaine
(0.7
mg/kg)
or
Saline,
IV

2 hr/d,
21d

FR1 1 or 28
days

Extracted
whole
nucleus
accumbens*

Walker et
al. (2018)

Mouse Male Ketamine,
xylazine

Cocaine
(0.5
mg/kg)
or
Saline,
IV

2 hr/d,
10-15d

Progression
from FR1 up
to FR2

1 or 30
days

1d
abstinence:
None

30d
abstinence:
Saline or
Cocaine
challenge
injection
and SA
context re-
exposure

Extracted
whole
nucleus
accumbens*

Powell et
al. (2020)

Rat Male Iso�urane Cocaine
(0.75
mg/kg),
IV

2 hr/d,
≥ 15d

Progression
from FR1 up
to VR5

1 or 21
days^

Cue
reactivity
test

Extracted
nucleus
accumbens
shell

^Animals in this study were either maintained in their original housing (isolation) or moved to environmental
enrichment conditions during abstinence. Only animals that underwent abstinence in isolation were considered for
further analysis (see Table 2).

*Other tissues were extracted for these experiments, but only the nucleus accumbens was included in this analysis.

We focused on the nucleus accumbens (NAc), a mesolimbic region fundamental to drug motivation and reward36.
Treatment groups were selected to create pairwise contrasts within an experiment that were similar to an experiment by
another research group. In all three studies, rodents underwent cocaine SA and forced abstinence for a short (1d) or long
(21-30d) interval. The Carpenter and Walker studies additionally included saline SA, allowing for contrasts between long-
term abstinence from saline and long-term abstinence from cocaine. All three studies compare a treatment group likely
to show low cocaine craving (either short term abstinence from cocaine SA or long term abstinence from saline SA) to a
group likely to show higher craving (long term abstinence from cocaine SA) based on previous literature12–14. Full
descriptions of the treatment groups and contrasts performed for each study, along with abbreviated names for each
contrast, are available in Table 2. Two contrasts were excluded from the analysis due to extreme batch effects or
substantial differences between groups beyond the phenomenon of interest (abstinence-induced craving).
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Table 2
Description of tissues and treatment groups in each study that were considered in the present analysis.

Study Group Self-Administration
(SA) and Abstinence (ABS)
conditions

Included
Comparisons

Excluded
Comparisons

Reason for Exclusion

Carpenter
et al.
(2020)

S1: Saline SA, 1d ABS

S28: Saline SA, 28d ABS

C1: Cocaine SA, 1d ABS

C28: Cocaine SA, 28d ABS

S28 vs. C28 1.  S1 vs.
S28

2.  S1 vs. C1

3.  C1 vs.
C28

1. No cocaine groups

2. Both groups received 1d ABS; No
incubation of cocaine craving

3. Extreme batch effects; Samples
in each treatment group were
analyzed in separate sequencing
runs, with no overlap

Walker et
al. (2018)

S30: Saline SA, 30d  ABS,
Saline challenge injection and
context re-exposure

C1: Cocaine SA, 1d  ABS

C30: Cocaine SA, 30d  ABS,
Saline challenge injection and
context re-exposure

S30 vs. C30 1.  S1 vs.
S30

2.  S1 vs. C1

3.  C1 vs.
C30

1. No cocaine groups

2. Both groups received 1d ABS; No
incubation of cocaine craving

3. Groups are different not just in
ABS length, but in post-abstinence
testing

Powell et
al. (2020)
^

C1: Cocaine SA, 1d  ABS, cue
reactivity test

C21: Cocaine SA, 21d  ABS,
cue reactivity test

C1 vs. C21 N/A N/A

Only the treatment groups considered for the present analysis are described here. Where applicable, treatment
groups that display relatively higher levels of cocaine craving or cocaine-seeking behavior, either measured directly
within a study or predicted by the literature, are underlined and italicized.

^ For the Powell dataset, only animals that underwent abstinence in isolation were listed here (see Table 1).

 
RNA-seq work�ow and differential expression analysis. The project work�ow from downloading sequencing �les to
obtaining differentially expressed genes (DEGs) is described in Supplementary Fig. 1. Original sequencing �les were
assessed for quality using FastQC37 to generate reports and MultiQC38 to visualize reports in aggregate. BBDuk (part of
the BBTools suite; http://jgi.doe.gov/data-and-tools/bbtools) was used to trim reads from all experiments using the
same basic parameters (“ktrim = r k = 21 mink = 11 hdist = 2 qtrim = rl trimq = 30 maq = 20”). The minlen parameter was
set to half of the original read length, which varied between experiments. Adapters and overrepresented sequences were
additionally trimmed where applicable. Before alignment, library type (e.g. unstranded, reverse-stranded) was
determined with Salmon using the Ensembl GRCm39 mouse (Carpenter, Walker) and Rn6 rat transcriptome indexes
from Refgenie39. Splice-aware HISAT2 genome indexes were created for the Ensembl GRCm39 mouse (Carpenter,
Walker) or mRatBN7.2 rat (Powell), and then trimmed reads were aligned using the library type identi�ed by Salmon for
the --rna-strandness parameter and other settings at default. Gene read counts were quanti�ed for primary alignments (--
primary) with featureCounts40 using the -s parameter to specify library type.

For each of the three datasets, edgeR41 was used to transform and normalize read counts (e.g. from raw counts to
fragments per kilobase per million mapped reads (FPKM)) and to �lter out lowly-expressed genes. Genes were retained
if their mean expression was greater than 0.5 FPKM for at least one of the two treatment groups in a study and had a
raw read count of at least 6 in greater than or equal to the lowest sample size for that comparison. Raw counts were
transformed to log2 counts per million (CPM), and outlier samples were removed based on multidimensional scaling



Page 6/25

(MDS) plots of the top 100 genes with the highest variance shared between groups. Genes were �ltered and transformed
again after outlier removal, and gene expression values from the remaining samples were normalized using the
trimmed-means method (TMM)42. Next, limma voom43,44 was used to build linear models that accounted for technical
sources of variation (sequencing lane or batch) identi�ed by the package variancePartition41. Linear models were �tted
using the least squares method, and empirical Bayes statistics were generated for each contrast.

Common craving genes between studies. To test our proposed work�ow, DEGs in each dataset were identi�ed with a
cutoff of P value < 0.05, as only 1 DEG remained in any dataset after FDR correction (FDR > 0.05 or FDR > 0.1). The data
analysis process beginning with identi�ed DEGs is visualized in Fig. 1. Bioconductor’s biomaRt45,46 and genomes from
Ensembl release 105 (December 2021) were used to identify common DEGs between mouse and rat by identifying
homologous genes. Next, DEGs shared between at least 2 contrasts were designated Craving genes and included in
subsequent analyses. To further increase con�dence, DEGs were only considered “shared” if they were regulated in the
same direction for both contrasts. The �nal set of Craving genes were those shared genes that also had human
homologs when compared to the human genome GRCh38.p13. For example, Cartpt was downregulated in C28 relative
to S28 for Carpenter, downregulated in C30 relative to S30 in Walker, and had a human homolog (CARTPT), so was
included as a Craving gene. Full names for all discussed genes can be found in the Supplementary Materials.

RNA-seq power analysis. After �ltering genes and removing outlier samples according to the above criteria, power
analyses were conducted separately for each dataset with the goal of 0.8 power using a FDR > 0.1 threshold. Using the R
package ssizeRNA 47, the sample size required to achieve appropriate power was calculated based on values from each
dataset, including the total number of genes (nGenes), the mean read count of the control group (mu), and tagwise
dispersions estimated by edgeR (disp). Several values were used for the expected proportion of DEGs (0.05, 0.1, 0.2) and
fold change for each DEG (1.15, 1.25, 1.5, and 2).

Evolutionary conservation of craving-related genes. To determine the evolutionary conservation of Craving genes across
human, mouse, and rat, we incorporated developmental gene expression data, sequence similarity, and the ratio of
divergence at nonsynonymous and synonymous sites (dN/dS), which has been used as an indicator of evolution’s
selective pressure acting on protein coding genes48. For sequence similarity and dN/dS comparisons, Craving genes
were analyzed separately for human-mouse and human-rat homologs, using only one-to-one homologs. Sequence
similarity, scored as a percentage of matched nucleotides of a rodent gene compared to its human homolog, was
obtained from the Ensembl database using biomaRt45,46. To obtain dN and dS values, an older Ensembl release (99;
January 2020) was used due to availability of these metrics. dN/dS values were calculated for each Craving gene
compared to its human homolog. Mann-Whitney U tests were used for both sequence similarity and dN/dS
comparisons.

As part of a comprehensive project on species differences in developmental gene expression, Cardoso-Moreira et al.18

utilized previously collected RNA-sequencing data from several tissues of human, mouse, rat, and other species across
developmental time points19 to determine which genes diverged in their temporal expression patterns across species.
Utilizing their forebrain data, we categorized Craving genes as developmentally conserved between human, mouse, and
rat (HMR), only human and mouse (HM), only human and rat (HR), or not conserved between humans and either rodent
species (H), and compared them to all other genes in the dataset using Fisher’s exact test.

Brain speci�city and expression across central nervous system (CNS) tissues. Human homologs for the Craving genes
were examined for expression in healthy human tissues using the publicly available Genotype-Tissue Expression (GTEx)
Project database49,50 (https://www.gtexportal.org/home/). Expression data in transcripts per million (TPM) was
obtained for 51 human tissues, including 12 CNS tissues: amygdala, anterior cingulate cortex BA24, caudate,
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cerebellum, frontal cortex BA9, hippocampus, hypothalamus, nucleus accumbens, putamen, pituitary gland, spinal cord
cervical C1, and substantia nigra. All CNS tissues were collected by the Miami Brain Bank, with the exception of 2
cortical and cerebellar tissues that were excluded from the present analysis, as they were replicates not collected by the
same research group.

For each gene, the mean expression in TPM across individuals was summed for both CNS and non-CNS tissues,
excluding brain replicates and cell lines. From this, a brain speci�city score was calculated as the log2 fold change of
the ratio of total CNS expression over total expression in other tissues. Speci�city of Craving genes was compared to all
other genes using a Mann-Whitney U test.

To assess for potential sex differences in CNS expression of human homologs of Craving genes, mean and median
gene expression was obtained only for samples that were age-matched between the sexes for individuals ≥ 55 years of
age. Two-way Type III ANOVAs were used to analyze effects of Tissue and Sex as well as Sex:Tissue interactions. Post-
hoc Tukey’s tests were used to further assess main effects or interactions.

Results
Differential expression analysis reveals few common genes and regulated pathways between craving-related datasets.
After �ltering out genes with low expression, the datasets contained 10,026 (Carpenter), 9,948 (Walker), and 7,104
(Powell) genes each. The Supplementary Materials contain summaries of the processing for each sample
(Supplementary Table 1) and �nal statistics for each dataset (Supplementary Table 2). Two outlier samples were
removed from the Powell C21 group because they did not cluster with other samples on the MDS plot. MDS and
variancePartition plots showed that the experimental variables sequencing batch (Walker) and lane (Powell) explained a
larger portion of the variation in gene expression than the treatment groups, so these variables were incorporated into
the linear models before differential expression analysis. Supplementary Figs. 2–4 contain MDS and variancePartition
plots, along with voom44 results before and after linear modeling. Final sample sizes were 12 (6/group; Carpenter), 11
(5–6/group; Walker) and 4 (2/group; Powell).

To demonstrate how to use evolutionary and human medical data to prioritize RNAseq results, we proceeded with using
a P value < 0.05 (Fig. 2, Supplementary Tables 2–4). For the Carpenter contrast, there were 633 DEGs, with 304 up- and
329 downregulated in C28 relative to S28. A similar number of DEGs were identi�ed for the Walker contrast (139 DEGs;
39 up- and 100 downregulated in C30 relative to S30), while the Powell contrast had 633 DEGs (289 up- and 291
downregulated in C21 relative to C1). In contrast, only 1 DEG was identi�ed using an FDR threshold of 0.05 or 0.1 across
all three datasets. This gene, AC239701.1 (ENSRNOG00000060437, adjusted P = 0.046), was signi�cantly
downregulated in the Powell dataset and is thought to be a pseudogene and does not yet have a known function,
though a recent study suggests it may be sexually dimorphic in microglia 51.

We further used sequence homology to identify comparable genes across studies. To compare DEGs between the
Powell contrast and the others, Ensembl IDs for rat genes were �rst converted to a list of mouse homologs. This reduced
the Powell dataset to 534 rat DEGs (270 up- and 264 downregulated) corresponding to 548 mouse homologs (280 up-
and 268 downregulated). Some rat genes had more than one ortholog in mouse, resulting in a higher number of mouse
orthologs than initial rat genes. No genes were differentially expressed between all 3 contrasts. There were 15 shared
genes between Carpenter and Walker, 45 between Carpenter and Powell, and 5 between Walker and Powell, of which 10,
21, and 3 were regulated in the same direction. These correspond to 9, 21, and 3 human homologs, respectively, for a
total of 33 Craving genes when taking the union across all three comparisons. Of these 33 genes, one was excluded
from the analyses because it was not annotated/present in the majority of the downstream datasets, in human it is
annotated as a novel transcript (AC009690.3 or ENSG00000273025), and because it is annotated as a novel paralog of



Page 8/25

another Craving gene, CELF6. The �nal 32 genes are as follows: AGK, AMZ1, B2M, BCAS1, BTG1, CACYBP, CARTPT,
CCDC88C, CELF6, EGR2, FABP7, FKBP4, FTH1, GPD1, GUCY1A3, HAPLN2, HSPA8, IRS2, KIF5A, LYPD1, MBP, MOBP, NTS,
PHLDA1, PITPNM3, RGS5, RPS6KA2, SOX17, TIPARP, TTLL1, USP46, and VIM. For full names of all discussed genes, see
the Supplementary Material.

RNA-seq power analysis. Because almost no DEGs were identi�ed for each study using an FDR cutoff, we calculated the
sample size per group required to reach 0.8 power for each dataset with FDR < 0.05. Estimated sample size varied for
each dataset based on the expected proportion of DEGs and their fold change values (Fig. 3). For example, assuming a
small effect size for each DEG (fold change of 1.25) but a high proportion of DEGs (0.2, or 20%), the datasets were
estimated to need 7 (Carpenter), 13 (Walker), or about 25 (Powell) samples per group. Calculating for both a large effect
size (fold change of 2) and high proportion of DEGs (0.2, or 20%), all three datasets were estimated to need only about 3
samples. In a more realistic scenario, where fewer genes are differentially expressed (5%, corresponding to 500 genes
for every 10,000), each with a small fold change difference (1.25), the estimated necessary sample size varies more
between datasets, with just 8 for Carpenter, but 16 for Walker and > 30 for Powell. This is unsurprising, since power
analysis tools for RNA-seq are more accurate in estimating necessary sample size when the pilot or input data has more
samples52, and the Carpenter and Powell datasets contained the most and fewest samples per group, respectively. The
Powell dataset also shows the highest mean dispersion across all genes (0.056, vs. 0.015 for Carpenter and 0.028 for
Walker; Supplementary Table 2).

Prioritizing Craving genes using evolutionarily conservation. We propose that therapeutically relevant Craving genes are
conserved between rodents and humans, and as such evolutionary conservation is a measure to prioritize RNAseq
candidates. We �nd that overall, Craving genes showed somewhat higher sequence similarity for both human-mouse
(Mann–Whitney U = 307576, n1 = 31, n2 = 16699, median1 = 91.7, median2 = 87.1, P = 0.0696) and human-rat (Mann–
Whitney U = 270762, n1 = 29, n2 = 15863, median1 = 89.1, median2 = 86.2, P = 0.0988) homologs when compared to all
other homologous pairs in the genome (Fig. 4A), though results did not reach statistical signi�cance. Craving genes did
not have signi�cantly different dN/dS values for either human-mouse (Mann–Whitney U = 182458, n1 = 28, n2 = 15067,
median1 = 0.093, median2 = 0.109, P = 0.216) or human-rat (Mann–Whitney U = 162708, n1 = 27, n2 = 14260, median1 = 
0.088, median2 = 0.110, P = 0.164) homologs compared to other homologs (Fig. 4B). Only one-to-one homologs were
included in the statistical analyses, but where available, sequence similarity and dN/dS ranges for all homologs are
available in Supplementary Table 6.

We suggest developmental trajectory as another measure of conservation for prioritizing candidate genes. A Fisher’s
exact test indicated no difference in the evolutionary conservation of Craving gene homolog developmental trajectories
in the forebrain compared to all other genes (n1 = 21, n2 = 9824, P = 0.643, Fig. 4C). This analysis excluded genes that
had no data available (CELF6, FKBP4, FTH1, HSPA8, LYPD1, TIPARP, and USP46), or that had data only for human-
mouse (GPD1, PHLDA1, RPS6KA2) or human-rat (SOX17) comparisons and not the other rodent species18. All Craving
genes with complete available data showed conservation in their developmental expression in the forebrain of human,
mouse, and rat, with the exception of CACYBP, NTS, and RGS5. Individual conservation results for each gene are
presented in Supplementary Table 6.

For each Conservation measurement (sequence similarity, dN/dS, developmental conservation), genes were categorized
as having High, Medium, or Low conservation (Table 3). For sequence similarity, genes were categorized as High,
Medium, and Low if they had similarity ≥ 90%, between 80 and 90%, or < 80%, respectively. For dN/dS scores, genes
were considered to have High conservation if they had values below the Craving median (0.11), Medium conservation at
any other non-outlier value (≤ 0.2), and Low if they were outliers (> 0.2). dN/dS values were categorized as “High” if they
were missing due to 100% sequence similarity, and not categorized in any other cases of missing data. Developmental
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conservation was categorized as High if the gene shared its developmental expression pattern in human, mouse and rat
(HMR), Medium if its temporal expression in humans was shared with either mouse (HM) or rat (HR), and Low for no
conservation with either rodent species (H). Genes with no data for both the human-mouse and human-rat comparisons
were not categorized. For genes where data was available for one rodent species and not the other, they were
categorized as Medium for shared developmental expression in the forebrain with that species, and Low if they did not.

Table 3. Prioritization of candidate Craving genes.

Genes were categorized as High (green), Medium (yellow), and Low (red) priority for each conservation and brain
expression metric. Complete data are listed here, even for homologs that do not map one-to-one and were not included
in the statistical analyses. Sequence similarity was measured as the percentage match between a rodent gene and its
human homolog. Data from Cardoso-Moreira et al.18 was used to determine conservation of gene expression patterns
across development in the forebrain. HMR = conserved expression across development in human, mouse, and rat; HM =
conserved expression in only human and mouse; HR = conserved expression only in human and rat; H = developmental
expression not conserved between humans and either rodent species. Developmental conservation assignments listed
in this table are based on this available data only, assuming developmental expression is not conserved with the
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untested species. For example, GPD1 is "HM" because its developmental expression is conserved between human and
mouse, but data is not available for human vs. rat. Brain speci�city was calculated as the log2 fold change of the total
expression in central nervous system (CNS) tissues compared to non-CNS tissues, using data from the GTEx database.
The brain region(s) with the highest expression were determined based on post-hoc Tukey’s tests (Supplementary Table
9). See Supplementary Material for brain region abbreviations. Mean brain expression was calculated by obtaining the
mean expression in TPM for each brain tissue across all individuals regardless of age, then calculating the grand mean.

* Indicates genes that do not have complete developmental expression data available, i.e. genes that only had data
comparing human and mouse (GPD1, PHLDA1, RPS6KA2) or human and rat (SOX17).

$ Indicates homologs with one-to-many or many-to-one mapping. For some of these homologs, sequence similarity
and/or dN/dS are given as a range.

^ FTH1 has a rat ortholog according to the January 2020 but not December 2021 Ensembl release, and thus a dN/dS
value is listed but not sequence similarity.

+ CELF6 is a paralog of another Craving gene that corresponds to a poorly annotated novel transcript,
ENSG00000273025, which was excluded from the analyses.

Though the overall set of Craving genes is not more or less evolutionarily conserved than other genes, there are
individual genes that would make poor candidates based on their conservation. For example, human FTH1 has a
homolog in mouse but not rat, so studies of this gene would need to be con�ned only to mouse models, limiting
translational utility. Some Craving genes were also outliers with very low sequence similarity and/or high dN/dS values,
including BCAS1, B2M, FABP7, and MBP (Fig. 5A, B, Table 3); however, all of these genes are conserved in their
developmental expression in the forebrain across the three species. Importantly, several other genes are not
developmentally conserved, including NTS and RGS5, which have conserved expression between human and rat only.
CACYBP, which has high sequence similarity between human and mouse (93.4%) and human and rat (90.3%), is not
conserved between human and either rodent species for developmental expression in the forebrain. This emphasizes
the importance of considering functional conservation when selecting a candidate gene.

Narrowing candidate Craving genes by brain speci�city and brain tissue- and sex-speci�c expression. Utilizing the GTEx
dataset, we found that Craving genes are expressed with higher brain speci�city than other genes after CNS- and body-
exclusive genes were removed (Mann-Whitney U = 1233008, n1 = 32, n2 = 55305, median1 = -1.44, median2 = -2.51, P = 
0.000116, Fig. 5A). This result remains signi�cant even after �ltering out lowly-expressed genes with a grand mean of ≤ 
1 (Mann–Whitney U = 428911, n1 = 31, n2 = 20624, median1 = -1.54, median2 = -2.36, P = 0.000992; excluding the lowly-
expressed Craving gene AMZ1) or ≤ 4 TPM (Mann–Whitney U = 299236, n1 = 31, n2 = 14404, median1 = -1.54, median2 =
-2.35, P = 0.00105; also excluding AMZ1) across all tissues. Figure 5B and 5C depict the overall gene expression across
tissues for 2 previously identi�ed addiction genes, CREB1 53,54 and C1QL2 32,55, and the 4 Craving genes with the
highest CNS speci�city: MOBP, KIF5A, MBP, and HAPLN2.

Next, we probed for possible sex and tissue differences in brain expression of Craving genes, which is important when
developing additional experiments and considering translation to humans. Using age-matched data for males and
females ≥ 55 years, we performed two-way ANOVAs by Sex and Tissue for the 12 CNS tissues. ANOVA and post-hoc
Tukey statistics for Sex and Sex:Tissue interactions are reported in Supplementary Tables 7–10. All 32 genes showed a
signi�cant main effect of Tissue. Post-hoc Tukey’s tests were used to determine which brain tissue(s) showed enriched
expression of a gene relative to others and to generate compact letter displays (CLDs) to cluster tissues with similar
expression levels (e.g., “a” has the highest expression, “b” has the second-highest expression, and so on)
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(Supplementary Table 9). For example, KIF5A shows higher expression in the cortex relative to all other tissues and is
denoted with the only “a”; however, for NTS, the pituitary gland shows signi�cantly higher expression than all other
tissues except the hypothalamus, so they are designated as “a” and “ab”, respectively; Supplementary Fig. 5). We then
categorized genes as having “enriched” expression in speci�c brain tissue(s) if the CLD included the letter “a” (Table 3).

Of the 5 genes that had a signi�cant main effect of Sex, 4 had higher expression in males (AMZ1, NTS, PITPNM3,
TTLL1) and 1 was more highly expressed in females (B2M). Several genes also showed a signi�cant Sex:Tissue
interaction, including CARTPT, which has higher expression in males in BRN-CAU, as well as NTS and RPS6KA2, which
both have higher expression in males in BRN-PTRY. HAPLN2 also showed a signi�cant Sex:Tissue interaction, but none
of the post-hoc tests for this interaction were signi�cant after Tukey’s correction. Summary brain expression results for
each gene are presented in Table 3. Supplementary Fig. 5 shows expression of each Craving gene across Sex and
Tissue using the age-matched samples.

Craving genes were categorized as High, Medium, or Low priority based on the brain expression data (Table 3). The
following criteria were used: High - brain speci�city > 0 and enriched expression in reward regions, but not cerebellum or
spinal cord, according to post-hoc Tukey’s tests (Supplementary Tables 9 & 11); Medium - brain speci�city > 0 but
enriched expression only in non-reward reward regions, or brain speci�city < 0 but enriched expression in reward regions;
Low - brain speci�city ≤ 0 and has enriched expression only in cerebellum and/or spinal cord. The following tissues
were considered reward-related: anterior cingulate cortex, amygdala, caudate, frontal cortex, hippocampus,
hypothalamus, nucleus accumbens, pituitary gland, putamen, and substantia nigra. The grand mean of expression
(TPM) for all brain tissues was also calculated for each gene, and genes were categorized as High, Medium, and Low if
their expression was ≥ 20, between 10 and 20, or < 10 TPM, respectively.

Using this approach, we found genes that would make exciting candidates to explore for a role in craving and reward.
Though most of these genes do not show sex differences in brain expression for healthy human adults, for those that
do (e.g. CARTPT, NTS), extra consideration should be made to design any preclinical experiments with adequate power
to detect possible sex differences. Ten genes have higher expression in the brain than the rest of the body: MOBP, KIF5A,
MBP, HAPLN2, BCAS1, FABP7, LYPD1, CARTPT, AMZ1, and NTS (Supplementary Table 11). Post-hoc Tukey’s tests
indicate that �ve of these genes (MOBP, MBP, HAPLN2, BCAS1, and FABP7) are preferentially expressed in the spinal
cord or cerebellum, which are tissues not conventionally associated with addiction. Rather, creating therapeutics that
target genes expressed highly in these tissues may lead to negative side effects. However, other genes are highly
expressed in reward-related regions. For example, KIF5A and LYPD1 are most expressed in the cortex and nucleus
accumbens, respectively. AMZ1 has equally high expression in the anterior cingulate cortex, amygdala, and nucleus
accumbens, which are all involved in emotional and reward processing. Many other Craving genes do not have high
brain speci�city, but within the brain are most expressed in reward-related regions. This includes IRS2 (highest
expression in pituitary gland), CCDC88C (highest in caudate and nucleus accumbens), and GUCY1A3 (highest in nucleus
accumbens).

Discussion
We analyzed three RNA-seq datasets from rodents that underwent cocaine SA and prolonged abstinence, with the goal
to identify craving-related genes with convergent evidence across preclinical models and research labs. Using the same,
reproducible RNA-seq analysis pipeline for each dataset, we found that only 1 DEG survived corrections for false
discovery rate in any dataset, using FDR < 0.05 or < 0.1. Using a less stringent threshold (uncorrected P value < 0.05),
hundreds of DEGs were identi�ed for each study. However, no DEGs overlapped between all 3 datasets, and only 33
genes were shared between 2 datasets and also regulated in the same direction for both. This low overlap may suggest
large differences in the neurogenomic outcomes of each behavioral model, but is more likely caused by low sample
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sizes and low power to detect true DEGs. Using this set of shared “Craving” genes as a test case, we suggest a next step
toward further re�ning lists of candidate genes is prioritizing those with evolutionary and functional conservation and
those with brain speci�city. Within each conservation or brain expression metric, we categorized genes as having High,
Medium, or Low priority to determine which would make better candidates for translational research and validation.

Using this approach, we found several candidate genes of particular interest because they are both highly conserved
and are enriched in brain tissues involved in reward (CARTPT, KIF5A, LYPD1). Several other candidates are well-
conserved and show high brain speci�city, though they have enriched expression in non-reward regions (MOBP,
HAPLN2). Using this prioritization strategy, we also identify several genes that are poorer candidates because they are
less conserved (BCAS1, MBP, FTH1, PHLDA1), are not brain-speci�c and have higher expression in non-reward tissues
(AGK, BTG1, TTLL1, USP46, PITPNM3) or all three (B2M, CACYBP, FKBP4, GPD1, RPS6KA2).

We initially expected a large overlap in DEGs across the studies re�ective of cocaine craving. While there are differences
in each study’s design (Table 1), each dataset examined gene expression patterns in the NAc and included treatment
groups that vary in post-abstinence cocaine craving, whether this was measured directly (Powell) or can be predicted
based on prior literature on the incubation effect (Carpenter, Walker)12–14. For the Carpenter and Walker data sets, we
performed pairwise comparisons between mice that underwent saline or cocaine SA followed by prolonged abstinence
(28 or 30d). For the Powell experiment, incubation was modeled more directly, as rats underwent cocaine SA and either
short (1d) or long-term abstinence (21d). For all three datasets, we compared a group likely to demonstrate low cocaine
craving (long-term abstinence from saline SA, or short-term abstinence from cocaine SA) to a group with higher craving
(long-term abstinence from cocaine SA). Thus, we expected to identify potential Craving genes from a high degree of
overlap between studies. Instead, we found low overlap of DEGs between the studies. Notably, there are some
differences between the experiments that might contribute to a reduced overlap in DEGs, such as the rodent species
(mouse, rat), tissue studied (whole NAc, NAc shell), or experimental manipulations post-abstinence (saline injections,
context re-exposure, cue-reactivity) (Tables 1 and 2). For example, in both the Carpenter and Walker studies, craving was
not measured directly, e.g. through a cue reactivity test. Though the Carpenter and Walker studies are more similar to
each other than to the Powell study, they still have low overlap in DEGs (Fig. 2). Meanwhile, the Powell dataset shows
more DEGs than either Carpenter or Walker. This may be due to the cue reactivity test, which assesses general learning
and memory in addition to cocaine-seeking behavior. Many learning and memory genes are also implicated in the SUDs
literature, and the addition of a cue reactivity test may lead to a greater number of DEGs as a re�ection of this additional
psychological process.

Use of uncorrected P values may also result in low overlap, even between similar datasets. This may in part be because
DEGs identi�ed with this lenient threshold are likely to include many false positives, creating the appearance of large
differences between datasets56,57. In response to a recent critique about using uncorrected P values56, Walker et al.58

note that even using a nominal P value, potential genomic targets can be validated by comparisons to prior literature.
Similarly, individual genes or transcripts may be validated with approaches such as RT-qPCR, though this is typically
used to spot check the validity of only a small subset of DEGs. However, it is not always clear whether authors have
reported those DEGs, if any, that failed to validate with RT-qPCR. In either case, con�rming RNA-seq results for a single
gene or a small set of genes does not automatically indicate that all identi�ed DEGs are true positives.

Even after running all datasets through the same pipeline to avoid technical biases that could result in differences in
detecting DEGs, the datasets used here are underpowered to detect true DEGs after correcting for multiple testing. We
performed power analyses for each dataset and found that appropriate statistical power (0.8) is only achieved at low
sample sizes when the expected number of DEGs and their fold changes are both high (Fig. 3). The true number of
DEGs and their fold changes are unknown, but based on volcano plots showing the spread of gene expression
differences, it is likely that the actual fold change for most DEGs is low, around 1.15 to 1.5, with fewer DEGs having a
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fold change of 2 or higher (Fig. 2, Supplementary Table 2). Notably, the issue of low power is not limited to the datasets
selected here, and instead re�ects a common trend in the addiction �eld and neuroscience at large, where tissue-level
gene expression changes are usually small. Differential expression and pathway analyses are regularly published using
uncorrected P values, perhaps because correcting for multiple testing would severely reduce or entirely eliminate any
DEGs (for example, see 56). Because of this, we can neither detect true DEGs within the datasets nor determine the true
overlap between datasets. However, with greater sample sizes, this method of comparing datasets could reveal not just
shared DEGs, but gene expression patterns that are exclusively altered by a speci�c experimental design. This would
enhance our understanding of different preclinical models and be a step toward unraveling the complexity of addictive
behaviors.

There has been extensive discussion about necessary sample sizes for RNA-seq analysis, which have evolved from
early rules of thumb suggesting only 3 samples per group is su�cient. A highly-cited analysis by Schurch et al.59

determined that a sample size of 6 to 12 should be su�cient for detecting the majority of DEGs using most differential
expression tools. However, this was based on RNA-seq data from yeast, which have simple, small transcriptomes, and
by comparing wild-types to mutants with a robust gene expression phenotype. In contrast, SUDs are likely to be driven
by complex interactions of many genes with low effect sizes60,61 that are di�cult to detect transcriptome-wide without
an adequately large sample size. Rather than assume a speci�c sample size will be adequate, many tools have been
developed to estimate the necessary sample size for a given RNA-seq experiment based on pilot data. While some of
these are more accurate than others, all tools drop off in reliability when the fold changes of true DEGs are small52. This
is partly because these tools rely on simpli�ed assumptions about the data (e.g. that the fold change is �xed for all
DEGs, as in Fig. 3) that may be too complex to holistically model62. While sample size estimation tools are a useful
starting point, it is likely that the number of samples required for an appropriately powered RNA-seq study of behavior or
addiction is higher than for simpler experimental designs. In general, the necessary sample size is likely to be at least
the number needed for RT-qPCR validation or behavioral testing, if not more, due to the many variables in sequencing
that cannot be accounted for directly.

Under the assumption that overlapping DEGs between studies generated from uncorrected P values will still contain
false positives, we moved forward using the shared “Craving” genes (P < 0.05) as a test case for illustrating how to
prioritize candidate genes that are likely to translate from rodents to humans. We reasoned that such genes should have
shared evolutionary conservation between mouse, rat, and human. Indeed, we found that Craving genes had generally
high sequence similarity and low dN/dS values between their rodent and human homologs (Fig. 5A, 5B), though they
were not signi�cantly different from all other genes. Overall, it appears that these genes are evolving under strong
purifying selection, and that there are evolutionary pressures to retain the same amino acid encoding even where the
exact sequences diverge. While all of our Craving genes have low dN/dS values (all < 1, median = 0.11 for both human-
mouse and human-rat orthologs), there are several outliers with higher dN/dS values (> 0.2; Low priority), including
BCAS1, FABP7, and MBP (Fig. 5A, Table 3). Though these also have Low sequence similarity (62.6 to 71.2% for both
human-mouse and human-rat homologs, with the exception of 88.6% for the FABP7 human-rat comparison), several
other genes (B2M, MOBP) show Low (> 80%) or Medium (between 80% and 90%) sequence similarity but still have low
dN/dS values (> 0.17; Low or Medium priority). Thus, despite some changes in their coding sequences, the genes are still
likely to be under evolutionary selection that maintains their protein conformation and perhaps their molecular function
as well. By considering both sequence similarity and dN/dS values, we can discard genes as poor candidates due to low
sequence similarity (BCAS1, FABP7, MBP) while tentatively retaining genes with low sequence similarity but low dN/dS
values (B2M, MOBP).

Similarly, our analysis revealed that most Craving genes have conserved expression across matched developmental
stages in the forebrain of human, mouse, and rat (Fig. 5C), though again they are not conserved more than other genes.
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However, by adding this with dN/dS we can identify genes with relatively high sequence similarity (High or Medium
priority) and low dN/dS (High priority), but which show divergent developmental expression (CACYBP, PHLDA1, SOX17),
suggesting their function may not be conserved across species, at least in the context of development. Given that many
known addiction-related genes are strongly implicated in brain development, and abnormal neurodevelopment can
increase risk of SUDs in adulthood63, genes that are not conserved across development are likely to have less
translational utility. In addition, genes that are highly conserved across all metrics, such as AGK, BTG1, CARTPT,
HAPLN2, KIF5A, and PITPNM3, may be even better-suited for study in preclinical rodent models.

We further propose to narrow translational rodent targets based on whether their homologs in humans have enriched
expression across human brain tissues. Within the brain, genes that are most highly expressed in reward regions such
as the amygdala, nucleus accumbens, and the dorsal striatum are appealing candidates for future study. For example,
CCDC88C, PHLDA1, RGS5, and GUCY1A3 show elevated expression in these regions (Table 3). Of these, GUCY1A3 is of
particular interest as it encodes an isoform of guanylate cyclase that can form heterodimers that are activated by nitric
oxide (NO)64. NO signaling has been implicated in SUDs65,66, and GUCY1A3 is speci�cally implicated in nonhuman
primate models of early-life stress67, ADHD, Tourette Syndrome68, and glioma69. However, these genes, and Craving
genes overall, do not have higher brain speci�city than other genes, and thus we have categorized them as Medium
priority based on brain expression (Fig. 5A, Table 3). Still, several candidate Craving genes do show elevated expression
in the brain compared to non-CNS tissues (MOBP, KIF5A, MBP, HAPLN2, BCAS1, FABP7, LYPD1, CARTPT, AMZ1, NTS).
While a gene does not need to be brain-speci�c to have an impact on reward processing and behavior (e.g. the well-
studied addiction gene CREB1 is not brain speci�c, Fig. 5B), ubiquitous expression may make these genes di�cult to
target with therapeutics without negative off-target effects in other tissues. For example, we �nd the myelin
oligodendrocyte gene MOBP has 8-fold higher expression in the brain relative to all other tissues, suggesting targeting
its expression may have a stronger effect in the brain than the rest of the body. MOBP has already been implicated in
cocaine abuse70,71. However, MOBP is most highly expressed in spinal cord tissue, and therapeutics that target this gene
may provoke motor side effects. Other Craving genes score as High for brain expression prioritization because they
show brain-speci�city and are highly expressed in reward regions (CARTPT, KIF5A, LYPD1). Of these, CARTPT is a
prepropeptide related to the addiction gene CART (Cocaine and Amphetamine Regulated Transcript)72,73, and both
KIF5A and LYPD1 are involved in neuroplasticity. KIF5A is a neuron-speci�c kinesin that plays a role in tra�cking of
neuronal vesicles74, including maintenance of axons via transport of mitochondria75. Meanwhile, LYPD1, also called
LYNX2, modulates nicotinic acetylcholine receptors and is associated with increased fear and anxiety-like behavior in
LYPD1-knockout mice76,77. With the exception of missing developmental expression data for LYPD1, all three of these
genes are also highly conserved. Genes that are not brain speci�c and show enriched expressed in non-reward regions
of the brain (e.g. cerebellum and/or spinal cord) are Low priority candidate genes (AGK, BTG1, FKBP4, FTH1, GPD1,
PITPNM3, RPS6KA2, TTLL1). Still, when selecting candidate genes for preclinical rodent research, conservation is of
greater importance than brain expression. Some of these genes are already Low priority for one or more conservation
metrics (FTH1), while others are highly conserved (AGK, BTG1, PITPNM3).

At its best, RNA-seq allows for unbiased candidate gene discovery across the transcriptome, but the standard common
practice fails to capitalize on its potential. Though it may be tempting to reduce sequencing and animal costs by
lowering sample size, this is particularly problematic in RNA-seq, because gene expression trends identi�ed with a
nominal P value will not necessarily hold with higher sample sizes and more robust statistics. Though �nancial costs
were once a major limiter of sample size, sequencing has become less expensive in recent years, and there remains the
opportunity for large-scale collaboration between labs, such as through NIH U or P grants78. With more funding, along
with better reporting of methods, results, and code by researchers, RNA-seq can become an important tool in discovery
of candidate genes rather than suspect for generating unreliable DEGs79. Further, we show here that additional steps
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taken after differential expression analysis, such as determining the evolutionary conservation and regional expression
of candidate genes, can potentially narrow down future targets of study. Utilizing this approach, along with ensuring
proper power, will both bolster the reliability of individual RNA-seq studies and provide a stronger foundation for
preclinical research to bridge the translational gap.
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Figure 1

Work�ow after differential expression analysis. After obtaining differentially-expressed genes (DEGs) from each study,
DEGs were compared between datasets. Because the Powell dataset used rats and the others used mice, the DEGs for
Powell were �rst converted to their mouse homologs. Genes were considered “shared” if they were called as DEGs in 2 or
all 3 studies. Human homologs were found for these shared “Craving” genes, which were then analyzed for conservation
across species by comparing sequence similarity, dN/dS, and developmental expression in the forebrain between
human, mouse, and rat. Sequence similarity and dN/dS data were obtained from ENSEMBL through the R package
biomaRt. Developmental expression data were obtained from Cardoso-Moreira et al. (2020). Next, Craving genes were
assessed for their speci�city to the brain and expression across brain tissues, including possible sex differences, using
human data from the Gene-Tissue Expression (GTEx) database.
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Figure 2

Differentially-expressed genes (DEGs) within and across datasets. (a) Volcano plots depicting the spread of gene
expression data for the Carpenter (teal), Walker (purple), and Powell (yellow) comparisons. Dashed lines indicate an
uncorrected P value cutoff of < 0.05 (horizontal). Genes that met this criterion are colored to indicate that they are
downregulated (blue) or upregulated (red) in the high craving group relative to the low craving group of a given dataset.
(b) The number of DEGs according to the listed criteria. Note that only 1 DEG (for Powell) was found using stricter
statistical thresholds corrected for False Discovery Rate (FDR), either FDR > 0.05 or FDR > 0.1. A 3-way Venn diagram
shows the overlapping DEGs between studies, with 65 genes shared between two studies and none shared between all
three. Comparisons on the Venn diagram are listed as “low” vs. “high” craving groups. After accounting for the direction
of the overlapping genes (e.g. a gene upregulated in “high” craving for one study that is also upregulated in the “high”
craving group for another study is regulated in the same direction), 33 genes were considered “shared” between studies.
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This corresponded to 31 human homologs. ^For Powell, the number of genes is listed as mouse homologs, with the
original rat genes indicated in parentheses.

Figure 3

Estimated necessary sample size per group using the R package ssizeRNA. The number of samples, up to 30, that are
necessary to reach varying levels of power are shown for the Carpenter (top panel; teal), Walker (middle panel; purple),
and Powell (bottom panel; yellow) datasets. Dashed red lines indicate 0.8 power with FDR < 0.05. Power varies with the
proportion of differentially-expressed genes (DEGs) and their fold change (FC). Because these metrics were not directly
attainable for these datasets, varying proportions of DEGs and fold changes were tested and are indicated with different
shapes and colors, respectively. For these theoretical calculations, FC is relative to all DEGs (e.g. if the proportion of
DEGs is 0.2 and FC is 2, it is expected that 20% of genes are DEGs, all with FC of at least 2). For clarity on the Carpenter
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(teal) and Walker (purple) plots, the sample size estimations for FC of 2 are shown only for a proportion of DEGs
equaling 0.2, though similar sample sizes are required for 0.05 or 0.1.

Figure 4

Conservation of craving genes. (a) Sequence similarity, measured as percentage similarity of the rodent gene to its
human homolog. (b) dN/dS values for human-mouse and human-rat orthologs.

(c) Conservation of gene expression patterns across development in the forebrain, utilizing data from Cardoso-Moreira
et al.18. HMR = conserved expression across development in human, mouse, and rat; HM = conserved expression in only
human and mouse; HR = conserved expression only in human and rat; H = developmental expression not conserved
between humans and either rodent species. For all conservation analyses, only homologs that mapped one-to-one from
rodent to human were included in the analysis. P-values are listed on each panel, indicating no signi�cant difference
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between Craving P valuegenes and all other homologs/genes utilizing Mann-Whitney U test (sequence similarity, dN/dS)
or Fisher’s exact test (developmental expression).

Figure 5

Brain speci�city of Craving genes. (a) Brain speci�city, as measured by log2 fold change of expression in CNS tissues
vs. all other tissues, of Craving genes (orange) compared to all other genes (gray) in GTEx V8. Select genes are labeled,
including 2 outliers for Craving genes, and several established addiction genes - CREB153,54, C1QL232,55, DRD380–82,
FAM53B55, and NR4A133. P = 0.00012 indicates a signi�cant difference between Craving and all other genes with Mann-
Whitney U test. Mean and median expression in transcripts per million (TPM), indicated by X’s and circles, respectively,
are shown for (b) 2 known addiction genes and (c) the 4 Craving genes with the highest brain speci�city, using all
available samples from GTEx. For (b) and (c), the overall brain speci�city score for each gene is also listed. Purple and
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gray indicate CNS and non-CNS tissues, respectively. Full names for abbreviated genes and tissues are listed in the
Supplementary Material.
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