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Abstract

Background

A current model categorizes drug takers into high versus low takers (HT and LT)
based on their drug intake levels, with the assumption that these groups repre-

sent different phenotypes. When several drug doses are considered, the inverted
u-shaped dose-response curves (IUDR) of HT are shifted upwards and rightward,
relative to that of LT. However, these IUDR ‘shifts’ are not quantitative metrics and
may be subjective. Also, differences in intake levels do not necessarily imply distinc-
tions in other variables (such as demand elasticity) that are important for drug user
phenotypology. With supporting evidence from a recent report, we hypothesized that,
contrary to assumptions in the field, HT and LT do not necessarily represent distinct
phenotypes.

Methods

Male Sprague Dawley rats (n=12) self-administered different doses of cocaine, and
we obtained IUDR and demand curves per individual. We developed a new model
to quantify the variables that defined the structure of the IUDR and we employed
behavioral economic principles to obtain variables that defined the demand curve.
We conducted principal component analysis/gaussian mixtures model clustering of
variables from both IUDR and demand curves, to identify/compare the clusters that
were revealed to HT/LT groups that were distinguished via median split.

Results

The cluster-based model identified groups more distinct than LT versus HT. LT and
HT were composed of mixtures of individuals from these distinct clusters. LT/HT were
not very different when several other variables were considered.
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Conclusions

Differences in drug intake levels (HT versus LT) do not necessarily imply distinct
phenotypes.

Introduction

There is an epidemic of psychostimulant use disorders with far-reaching socioeco-
nomic impact yet there are no FDA-approved pharmacotherapeutic intervention
strategies for managing this health problem. Not all psychostimulant users are the
same. To understand psychostimulant use disorders, we must understand what differ-
entiates types/phenotypes of psychostimulants. An understanding of different drug
user types may lead to more individualized or group-centric options to address the
epidemic of substance use disorders.

One of the current preclinical models distinguishes high versus low tak-
ers (HT and LT) based on differences in their drug intake levels, with the
assumption that these groups represent different phenotypes. There is some
face-validity to this idea. For example, subjects that consume higher levels of
drugs also tend to manifest higher drug seeking and display higher likelihood
of relapse after withdrawal [1-3]. Also, while HT and LT may be distinguished
based on differential intake under normal conditions, punishment-sensitive
(shock-sensitive, SS, assumed to be non-compulsive) and punishment-resistant
(shock-resistant, SR, assumed to be compulsive) drug takers are distinguished
based on drug intake levels under stressful conditions such as footshock pun-
ishment [4-32].

However, there are several problems associated with the current method of drug
phenotypology using intake as the distinguishing metric. First, the grouping strat-
egy - the median split analysis of drug intake levels is typically employed to classify
drug user types into HT and LT. This analytical procedure categorizes responses
above and below the median response as high and low responses, respectively.
However, median split analysis can be a problematic approach particularly with
continuous data [33—-47]. Furthermore, classifying subjects into high versus low
responders does not allow for more than two groups, limiting our ability to identify
groups of subjects that do not easily fit into these categories. Furthermore, complex
behaviors include several co-occurring variables, and it is unclear if the median
split of a single variable (out of several other variables) is an effective strategy for
identifying distinct groups.

Second, the effects of psychostimulants (and other drugs) on intake levels are not
linear but are defined by an inverted u-shaped dose-response curve (IUDR) (S1 Fig).
Because of this structure, subjects that are designated as HT at one dose may be
designated as LT at another dose (S1 Fig). To effectively identify HT versus LT, it is
important to assess the entirety of the IUDR. This has already been assessed, and
the assumption in the field is that the curves of HT are shifted upwards and rightward,
relative to that of LT (Fig 1A, 1B).
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Fig 1. The inverted u-shaped dose-response curve (IUDR) of High Takers (HT) are proposed to be shifted upward and rightward relative to
the IUDR of Low Takers (LT). A represents an upward shift while B represents a rightward shift. Note that these descriptors (upward, rightward) are
not quantitative. Note also that for Graph A, the responses of HT>LT at every dose. Interestingly, for Graph B, the responses of HT>LT at higher doses
whereas the responses of LT>HT at lower doses.

https://doi.org/10.1371/journal.pone.0340165.9001

However, by using qualitative terms like ‘rightward’ and ‘upward’, it is clear that these IUDR ‘shifts’ have not been
described directly using quantitative metrics. These descriptors may be subjective, and it is unclear if the IUDR of HT are
quantitatively distinct from that of LT.

Third, the distinction between high versus low takers is typically achieved with respect to an intake level variable: HT
take higher levels of drug than LT, though not always, see Fig 1B. However, there are other variables that are not nec-
essarily related to intake levels, such as demand elasticity, that may distinguish different phenotypes. Demand elasticity,
which is thought to be important for drug user typology [48—57], is a measure of how motivated a subject is to defend its
intake under cost/price constraints. The intake of a drug is not necessarily related to the demand elasticity [52,54,58,59] in
the same way that appetitive and motivational components of reinforcer intake are not the same [60,61]. This means that,
in theory, despite expressing distinctions in drug intake levels, HT and LT may have similar/different demand elasticity.
Thus, while LT and HT may be distinguishable based on intake levels, they may not be distinguishable based on demand
elasticity. It is unclear if HT and LT are distinct groups when other variables are also considered.

Because of the aforementioned problems (median split, single variable, IUDR structure, other variables unrelated
to intake variables), it is unclear that HT and LT necessarily represent different phenotypes. To move the field forward,
it is important to address these problems and to offer better alternatives for understanding different drug user types/
phenotypes.

To address the problem of median split of a single variable, we can employ unbiased clustering of several variables.
Because of the problem of multicollinearity associated with the assessments of several (related) variables per subject, we
can employ clustering of principal components which do not have the problem of multicollinearity. Principal components
are derivatives that contain information from all variables combined.

To address the problem associated with the IUDR structure, we developed a new quantitative model we term the Quan-
titative Structure of Curve Analytical (QSCARN) model for the IUDR (QSCAN-IUDR) (Fig 2A). The QSCAn-IUDR employs
a non-linear regression using Gaussian fit to obtain variables that quantitatively define the structure of the IUDR. With this
new model, we can quantify any ‘shifts’ in the IUDR.

To address the problem associated with the exclusion of other variables unrelated to intake variables (demand elas-
ticity), we included analysis of the demand curve. Conceptualizing different doses as different prices, the IUDR can also
be employed to derive a demand curve (Fig 2B). Thus, from the IUDR, we can simultaneously obtain IUDR structural
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Fig 2. The new Quantitative Structure of Curve Analytical (QSCAn) model for assessments of the IUDR and behavioral economic analysis
for the assessment of the demand curve. Graph A is a plot of dose on the x-axis and response on the y-axis to derive the IUDR. Graph A includes
a gaussian fit (non-linear regression) which reveals 4 variables that define the structure of the IUDR: amplitude, mean, width and AUC. Graph B is a
demand curve derived from graph A. Graph B is a plot of price (Fixed Ratio/dose) on the x-axis and log consumption on the y-axis. Graph B includes
an exponential fit to reveal 2 variables (Q, and a corresponding to consumption at zero price and demand elasticity, respectively). The variable eValue
(essential value) is derived from a.

https://doi.org/10.1371/journal.pone.0340165.9g002

variables and demand curve variables including elasticity. Thus, clustering of the principal components derived from both
IUDR and demand curve variables should address all the problems (mentioned above) associated with the current meth-
ods employed to identify different types of drug users.

In a recent study, we identified distinct behavioral types of opioid users using gaussian mixtures model clustering
of principal components (PCA-GMM) derived from several variables [62]. In that study, it was revealed that subjects
assigned to differential drug access groups (short-access and long-access) similar to LT and HT groups were not nec-
essarily distinct phenotypes. In line with those findings, we hypothesize that the groups, if any, that will be revealed by
this careful analysis will likely be composed of mixtures of individuals from HT and LT groups — this is a challenge to the
assumption that HT and LT individuals necessarily represent distinct groups.

To test our hypothesis, we allowed male Sprague Dawley rats to self-administer several doses of cocaine. We obtained
1) the response(s) per dose per individual, 2) the IUDR per individual, and 3) the demand curve per individual. We
employed QSCAN-IUDR and behavioral economic analysis to obtain several variables from the IUDR and demand curves,
respectively. We conducted PCA-GMM clustering of the principal components derived from the combination of the IUDR
and demand curve variables to identify distinct groups of drug users, if any. We compared the groups identified via the
cluster-based model with groups identified via current grouping strategies. To do this, we distinguished HT and LT based
on median split of amplitude and mean (Fig 1A, 1B) and then determined if these groups were (also) distinct with respect
to several other variables, and different from the groups identified via the cluster-based model. Our methods, results, dis-
cussion and conclusion are below.

Methods and materials
Subjects

Twelve male Sprague Dawley rats were obtained from Charles River Laboratories (Wilmington, MA). They were housed
under temperature- and humidity-controlled conditions, and they were maintained on a 12-h/12-h light/dark cycle (lights
on at 7:00 AM and off at 7:00 PM). After acclimation to the animal housing facility for at least one week, the weights of
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rats were maintained at approximately 3509 via food restriction. Care and use of the animals was in accordance with the
guidelines of the National Institutes of Health and the National Institute on Drug Abuse Intramural Research Program Ani-
mal Care and Use Program (NIDA IACUC). The facility in which the research was carried out was accredited by AALAC
International.

Animal health

Throughout the experiments from the arrival of the rats at the housing facility through surgery to the end of behavioral
experiments, we ensured that rats were not in any pain or distress. After the completion of all behavioral experiments, the
rats were euthanized via isoflurane anesthesia followed by decapitation according to established guidelines.

Surgery

Chronic indwelling catheters (RJV-1, SAI Infusion Technology, Lake Villa, IL) were inserted under anesthesia (Isoflurane)
using aseptic techniques into the external jugular vein of the rats. One end of the catheter was placed in the jugular vein,
and the other end was attached to a backmount/external port (313-000BM-10-5UP, P1 Technologies, Roanoke, VA) that
exited from the back of the rat enabling access for flushing or intravenous infusions. This exit was closed with a screw
cap (C313CAC, P1 Technologies, Roanoke, VA). Meloxicam was administered as an analgesic after surgery and during
post-surgery recovery. To minimize the likelihood of infection and the formation of clots or fibroids, the catheter was
flushed daily with 0.2 mL of a sterile solution containing heparin (30.0 IU/mL) and the antibiotic enrofloxacin (5 mg/kg).
Rats were allowed to recover from surgery for a minimum of 1 week before cocaine self-administration protocols were
initiated.

Self-administration

The operant-conditioning chambers for self-administration are as described in a previous paper [56]. All subjects were
initially trained to self-administer a natural reinforcer (a 20-mg sucrose pellet) under a fixed ratio 1-response (FR1, one
active lever press =response delivery) schedule in 1-h daily sessions. The pellet deliveries were followed by a time out
(TO) of twenty (20) seconds during which there was no sucrose pellet delivery and during which all lights in the operant
chamber were off. After the subjects had acquired and maintained this behavior, the response requirement was changed
to a FR5 schedule.

Thereafter the subjects were allowed to self-administer cocaine (0.32 mg/kg/infusion) in 2-h daily sessions until they
acquired and maintained this behavior. Afterwards, still on the FR5 schedule, the daily sessions were divided into five
20-min components, each separated by a 2-min TO. Then the subjects self-administered five different doses of cocaine
per daily session (within-session design) with a single cocaine dose self-administered per component. To cover all the
doses of cocaine, the subjects had ten daily sessions on the within session design where they administered in five 20-min
components, in order, cocaine dose =d(dose) 0.032, d0.10, d0.32, d0.56, d1.00 mg/kg/infusion followed by eleven daily
sessions where they administered, in order, cocaine dose =d0.00, d0.01, d0.032, d0.1, d0.32 mg/kg/infusion. The same
concentration of cocaine (1.78 mg/mL) was placed in the syringes and the doses above were delivered by changes in
delivered volume. For cocaine dose =0, there was no solution delivered.

Variable estimations and calculations

Current model: As mentioned above, each subject self-administered different doses of cocaine (cocaine dose=0.032,
0.10, 0.32, 0.56, 1.00mg/kg/infusion) in ten daily sessions and different doses of cocaine (cocaine dose=0.0, 0.01, 0.032,
0.1, 0.32mg/kg/infusion) in eleven daily sessions. We obtained the average number of infusions (responses) per cocaine
dose for every subject.
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QSCAN-IUDR: From the average responses per dose for each subject, we constructed the IUDR curves which were
a plot of log, [dose] on the x-axis and log, [response] on the y-axis. We employed the gaussian fit (equation 1) through
which we estimated behavioral variables that defined the IUDR structure (amplitude, mean, width and AUC, see variables/
variable definition in Fig 2A and S1 Fig).

Y = A xe(-05 (50)) (1)

where Y =log[response], X=log[dose], A=log[amplitude], X0 =log[mean], b=width. To find the values of A and mean, we
used the antilog function 10*(log[A]) and 10”(log[mean]), respectively.
To obtain Area under the curve (AUC), we employed the following equation:

AUC = A % /2 % In(width) 2

where A = amplitude, Tt = pi (3.142)

Behavioral economic analysis of the IUDR-derived economic demand curve: From the IUDR curves, we obtained the
demand curves. Demand curves were plotted with consumption (mg/kg) = number of reinforcers earned (infusions) x
dose (mg/kg/infusion) on the y-axis and price =FR/dose (mg/kg/infusion) on the x-axis (Fig 2B). To obtain Q, (consumption
at zero price) and a (demand elasticity — which is related to the decline in consumption with unit increases in price), we
employed behavioral economic analysis of the IUDR-derived demand curve using the inverse of cocaine dose as a price
(Fig 2B) [52,60,63,64].

The demand curve was fitted using the exponential function [65] (Fig 2B) as shown below:

_ —(QyC) _
Log Q = Log Qo + k (e 0 1) 3)

where Q represents consumption of the reinforcer, C represents cost, Q, represents consumption at no cost, a represents
demand elasticity and is a fitted parameter related to the decline in consumption with increased cost, and k is a scaling
constant reflecting the consumption range.

The demand elasticity-a is inversely related to how much work the subject is willing to do to defend consumption when
prices are increased. We calculated the essential value (eValue) which is directly related to demand elasticity using the
formula below:

1
(100 x o x k) 4)

eValue =

where a and k are as described above in equation 3.

Thus, we obtained a total of six (6) variables (Fig 2A, 2B): four from the IUDR curve structure (amplitude, mean, with,
AUC) and two from the IUDR-derived economic demand curve (Q,, eValue).

Principal Component Analysis: Principal component analysis (PCA) was employed to reduce variables to principal
components to understand the contribution of each variable to total variability within the data set. The PCA included a
standardization of all variables before deriving the principal components.

PCA-GMM clustering analysis: We conducted gaussian mixtures model (normal mixtures) clustering analysis of princi-
pal components derived from the six IUDR and demand curve variables to determine if there were any distinct groups of
subjects. The criteria for group distinction was as follows: 1) the centers of the clusters identified must be clearly distinct
with respect to principal component 1 (PC 1) — the linear combination of variables accounting for most of the variability
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within the data set, and 2) the clusters identified must not overlap in 2-dimensional (2-D) space described by PC 1 and PC
2 and in 3-D space described by PC 1, PC 2 and PC 3. To confirm that we had the optimal number of clusters, we plotted
the optimal number of clusters on the x-axis and the Bayesian Information Criterion (BIC) on the y-axis: the optimal num-
ber of clusters would correspond to the lowest BIC on this plot.

Distinguishing HT versus LT: Median split analysis: We conducted median split of all subjects at all average responses
at each dose of cocaine self-administered. We also conducted median split analysis at the level of each variable derived
from the IUDR curve and IUDR curve-derived economic demand curve.

Model comparison: We compared the groups identified via PCA-GMM of principal components derived from all 6 vari-
ables of the IUDR and demand curves (see variables in Fig 2A, 2B), with HT and LT groups identified via median split of
IUDR amplitude and mean (see the reasons for selecting these specific variables in Fig 1A, 1B).

Power analysis: There are no standard approaches for conducting a priori power analysis for data-driven clustering
analysis [66].

Statistical analysis

We analyzed our data using the following software products: GraphPad Prism v 10.6.1 (GraphPad Software, San Diego,
CA), SigmaPlot 14.5 (Systat Software Inc., San Jose, CA) and JMP Pro v 18 (SAS Institute Inc., Cary, NC). Data are
expressed as mean+SEM. We employed Grubb’s test to identify outliers. Statistical significance was set at P<0.05. For
IUDR curve structure analysis for individuals, we plotted log[response] versus log[dose] per individual and employed gauss-
ian fit of the IUDR curves to estimate amplitude, mean, width and AUC (see equations 1 and 2). For behavioral economic
analysis/graphing of demand curves, we employed GraphPad templates from https://ibrinc.org/behavioral-economics-tools/.
We employed multivariate analysis to determine the relationships between all the variables obtained. We employed PCA

to reduce several variables into principal components and we determined the weight of the variables (IUDR and demand
curve) with regards to variability in the data (how the variables loaded into the principal components). We employed PCA-
GMM clustering to identify distinct clusters, if any. We utilized median split of the variables to determine HT versus LT and
determined if these groups were different for several other variables and also how these groups compared to the groups
identified using the cluster-based model. For analysis of IUDR and demand curves for identified/categorized groups, we
employed regression analysis and 2-way repeated measures ANOVA to determine if there were any main effects of group
and dose, and if there were any interactions: group x cocaine dose (0, 0.01, 0.032, 0.10, 0.32, 0.56 and 1.0 mg/kg/infusion).

Results and discussion

The Methods we employed are described above. All our raw data are included in the Supporting Information S1 File. For
every subject, the average responses per dose are shown in Table 1.

For every subject (n=12), the IUDR and demand curves are shown in S2 and S3 Figs, respectively. Grubb’s test
detected one outlier (ratID K's Q, was 8.5, while the mean Q, was 3.46667 +0.51188) which was excluded from further
analysis. The IUDR variables and demand curve variables for the remaining n=11 subjects are shown in Table 2. Note
that variables were normally distributed (S4 Fig).

Multivariate analysis: We had 13 variables per individual: 7 average response variables from 7 doses, 4 variables for
the IUDR and 2 variables for the demand curves. We employed multivariate analysis to determine relatedness, or the lack
thereof, of the variables to each other (Fig 3).

IUDR variable-Amplitude was significantly correlated with AUC (P <0.0001), d0.01 (P=0.0253), d0.032 (P=0.0006,
and eValue (P=0.0008). IUDR variable-mean was significantly correlated with AUC (P=0.0131), d0.00 (P=0.0253),
d0.01 (P=0.0037) and d0.032 (P=0.0024). IUDR variable-width was significantly correlated with AUC (P=0.0066), d0.00
(P=0.0052) and d0.01 (P=0.0294). IUDR variable-AUC was significantly correlated with amplitude (see above), mean
(see above), width (see above), d0.00 (P=0.0092), d0.01 (P=0.0054), d0.032 (P=0.0124) and eValue (P<0.0001).
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Table 1. Raw values of average responses per cocaine dose per subject. We observed that for different doses, there were inconsistencies in
the group composition of high versus low responders (based on median split of specified average responses per dose). The bolded values

correspond to the high responders.

Cocaine dose 0.00 0.01 0.032 0.1 0.32 0.56 1

ratiD: A 5.363636 7.272727 13.7619 24.09524 7.52381 4.1 2

B 5.545455 7.818182 24.66667 27.2381 8.238095 4.8 3.1

C 3.727273 6.181818 15.80952 27.66667 11 5.6 3

D 7.727273 9 30.04762 16 5.142857 3.2 1.5

E 9.636364 9.818182 15.33333 28.28571 11.2381 6.1 4.3

F 2.444444 2 5.5 14.61111 6 411111 2777778
G 5 6.272727 17 16.04762 7 3.8 1.5

H 5 8.363636 15.71429 19 6.714286 3.5 1.7

| 8.545455 19.45455 24.7619 19.61905 6.142857 3.3 1.8

J 7.181818 8.363636 20.57143 22.7619 9.238095 4.4 2.4

K 8.454545 7.363636 13.57143 33.42857 22.19048 11.9 5.9

L 6.363636 7.909091 12.42857 29.42857 9.047619 5.9 3.4
Median 5.954545 7.863636 15.7619 23.42857 7.880952 4.255556 2.588889

https://doi.org/10.1371/journal.pone.0340165.t001

Table 2. Raw values of IUDR and demand curve variables per subject. We observed that for different variables, there were inconsistencies
in the group composition of high versus low responders (based on median split of specified variables). The bolded values correspond to the

high responders.

Variables Amplitude Mean Width AUC Q, eValue

ratlD: A 22.54239 0.061376 0.7562 42.73391 2.700 3.373096
B 29.64831 0.059979 0.7878 58.55338 3.500 4.287834
C 26.30268 0.075683 0.776 51.16791 4.000 3.892034
D 27.86121 0.043053 0.7192 50.2326 2.000 3.614032
E 23.87811 0.065917 0.9318 55.77745 4.300 4.599677
F 12.61828 0.112099 0.6497 20.55175 3.100 1.946017
G 20.55891 0.056364 0.7349 37.87601 2.200 3.011693
H 21.28139 0.051168 0.7708 41.12233 2.200 3.328713
| 29.51209 0.031117 0.8713 64.46199 2.100 4.960436
J 26.18183 0.057544 0.7961 52.25208 3.100 4.015591
L 22.59436 0.070795 0.8479 48.02646 3.900 3.952847
Median 23.87811 0.059979 0.776 50.2326 3.100 3.892034

https://doi.org/10.1371/journal.pone.0340165.t002

Demand curve variable-Q, was significantly correlated with the highest 4 doses d0.1, d0.32, d0.56, d1.00 (P<0.05),
but not with the lowest 3 doses. Q, was neither correlated with the IUDR variables (P>0.05) nor with eValue (P>0.05).
Demand curve variable-eValue was significantly correlated with all [IUDR variables and with the average responses due to
lower, but not higher, doses of cocaine.

The average responses for the highest 4 doses were correlated with each other but not with the average responses of
the lowest 3 doses. With respect to relationships between IUDR and demand curve variables, Q, was unrelated to the 4
IUDR variables while eValue was related to the 4 IUDR variables.

PCA of all variables: We conducted PCA on all 13 variables per individual. This dimensional reduction yielded several
PCs (Fig 4A) including PC 1 (accounting for ~49% data variability), PC 2 (accounting for ~ 39% data variability) and PC 3
(accounting for ~ 6% data variability).
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Fig 3. Multivariate analysis of all variables obtained. The correlation coefficients and the P values for significant relationships are shown in the
graph. The green rectangle shows relationships between average responses per dose and IUDR variables. The purple rectangle shows relationships
between demand curve parameters and IUDR variables. The black rectangle shows relationships between average responses per dose and demand
curve parameters. Each box shows the relationship between two intersecting variables.

https://doi.org/10.1371/journal.pone.0340165.9003

The variable loading(s), or the weights of each variable as it relates to PC1 (x-axis) and PC 2 (y-axis) is/are shown
in Fig 4B. Defining weak-to-moderate and moderate-to-strong loading(s) as correlation strengths-0.5to -1.0 and 0.5 to
1.0, respectively (Fig 4B), we determined that the lower doses (d0.0, 0.01, 0.032, 0.1), amplitude, mean, width, AUC and
eValue had moderate-to-strong correlations with PC 1 whereas the higher doses (d0.3, 0.56, 1.00) and Q, contributed
weakly-to-moderately to PC 1.
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Fig 4. Principal Component Analysis of all variables obtained. We conducted PCA to reduce all variables to principal components. Graph A shows
the principal components on the x-axis (PCs — PC 1, PC 2, PC 3 etc.) and the proportion of variance they represent on the y-axis. Graph B is a plot of
PC 1 on the x-axis and PC 2 on the y-axis with the loading strength (correlation) of each variable shown. We defined weak-to-moderate and moderate-
to-strong loading(s) as correlations strengths <0.50 and > 0.50, respectively (see strength scale below the x-axis). Graph C is a 2-D plot of variable
loading on PC1 versus PC 3. Graph D is a plot of variable loading on PC 2 versus PC 3. Note that lower doses (d0.0, 0.01, 0.032, 0.1), amplitude,
mean, width, AUC and eValue had moderate-to-strong correlations with PC 1 whereas the higher doses (d0.3, 0.56, 1.00) and Q, contributed weakly-to-
moderately to PC 1.

https://doi.org/10.1371/journal.pone.0340165.9004

PCA of IUDR and demand curve variables: We conducted PCA on 6 variables: 4 [IUDR and 2 demand curve variables.
This dimensional reduction yielded several PCs (Fig 5A) including PC 1 (accounting for ~67.2% data variability), PC 2
(accounting for ~ 25.9% data variability) and PC 3 (accounting for ~ 6.2% data variability). The PCs are a linear combi-
nation of all 6 variables. Fig 5B shows the variable loading, or the weights of each variable as it relates to PC1 (x-axis)
and PC 2 (y-axis). Defining weak, moderate and strong loading(s) as correlation strengths <0.25, 0.25-0.75 and > 0.75,
respectively (Fig 5B), we determined that Q, contributed weakly to PC 1 (strongly to PC 2). Mean, width and amplitude
contributed moderately-to-strongly to PC 1 (weakly-to-moderately to PC 2). AUC and eValue contributed strongly to the
PC with the most variability within the data (PC 1) and weakly to PC 2.

PCA-GMM clustering of IUDR and demand curve variables: As mentioned earlier, all variables show normal distribu-
tion (S4 Fig) and are appropriate for normal mixtures clustering (gaussian mixtures model clustering, GMM). PCA-GMM
clustering revealed 2 clusters (cluster 1, red n=5 and cluster 2, green, n=6, Fig 5C), clearly distinct cluster centers 1)
with respect to PC 1, 2) on the 2-D and 3-D plane, and 3) non-overlapping (in accordance with distinction criteria, see
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Fig 5. Principal component analysis (PCA) and PCA-gaussian mixtures model (PCA-GMM) clustering revealed two distinct clusters. For

IUDR and demand curve variables, we conducted PCA. Graph A shows the principal components on the x-axis (PCs — PC 1, PC 2, PC 3 etc.) and the
proportion of variance they represent on the y-axis. Graph B is a plot of PC 1 on the x-axis and PC 2 on the y-axis with the loading strength (correlation)
of each variable shown. We defined weak, moderate and strong loading(s) as |correlations strengths|<0.25, 0.25-0.75 and > 0.75, respectively (see
strength scale below the x-axis). The purple circle and the arrow show the variables (AUC, eValue) that loaded most strongly into PC 1. Graph C is a
2-D plot of PC1 versus PC 2 with clusters (from PCA-GMM clustering) shown. Graph D is a 3-D plot of PC1 versus PC 2 versus PC 3 with clusters (from
PCA-GMM clustering) shown. Note that clusters are clearly distinct on the 2-D and 3-D planes and are non-overlapping. Graph E are the clusters identi-
fied in C and D via PCs, with constituent variables shown. Graph F is a plot of the optimal number of clusters (= 2).

https://doi.org/10.1371/journal.pone.0340165.9005

Methods section). A 3-dimensional representation shows that these clusters were clearly distinct in a 3-D space defined
by PC 1 (x-axis), PC 2 (y-axis) and PC 3 (z-axis) (Fig 5D). Fig 5E shows the clusters with regards to the variables of the
IUDR and the demand curves. The optimal number of clusters identified from 10 iterations of the clustering algorithm

was 2 (Fig 5F).
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Model comparisons: As mentioned in the Methods section, HT IUDR curves are shifted 'upward' and 'rightward' relative
to LT IUDR curves. In quantitative terms, this suggests that the IUDR amplitude and mean of HT versus LT are thought to
be significantly different (Fig 1A, 1B). Thus, we employed median split of amplitude to categorize subjects into LT-a (ampli-
tude) and HT-a groups (Fig 6G—6L). Additionally, we employed median split of mean to categorize subjects into LT-m
(mean) and HT-m groups (Fig 6M—6R). We compared the clusters identified via PCA-GMM to HT/LT.

Cluster1 and cluster2 were distinct (P <0.05) with respect to the averages of width, AUC, Q, and eValue (Fig 6C—6F),
but not amplitude and mean (P>0.05, Fig 6A, 6B). These clusters were distinct for 4/6 variables (or ~67%). LT-a and HT-a
were different for 50% of the variables assessed while LT-m and HT-m were different for 33.3% of the variables assessed.
Clusters 1 and 2 are more distinct than the groups derived from median split of amplitude and mean (Fig 6).

Distinctions with respect to PC 1: Cluster1 and cluster2 were clearly distinct with respect to PC 1 and these clusters

were non-overlapping (Fig 7A).
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Fig 6. The groups identified via the cluster-based model are more distinct than HT versus LT. These graphs represent comparisons between
amplitude, mean, width, AUC, Q, and eValue for cluster1 and cluster2 (Graphs A-F), LT-a (amplitude) and HT-a (Graphs G-L), and LT-m (mean) and
HT-m (Graphs M-R), respectively. The P values from unpaired t-tests with Welch’s correction are shown for each graph. Cluster1 versus cluster2 were
the most distinct groups when all these variables were considered. HT and LT were not very distinct groups when all variables were considered.

https://doi.org/10.1371/journal.pone.0340165.9006
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Fig 7. HT and LT are not very distinct and include mixtures of members from distinct clusters. The above represents comparisons between
groups identified via 1) the cluster-based model (Cluster1 and 2, Graphs A, D and G), 2) median split of amplitude (LT-a and HT-a, Graphs B, E and H)
and median split of mean (LT-m and HT-m, Graphs C, F and I). Graph A shows that cluster1 and cluster2 were clearly distinct with respect to PC 1 and
these groups were non-overlapping. HT-a versus LT-a were also clearly distinct with regards to PC 1 and non-overlapping (Graph B), though less distinct
relative to the clusters in Graph A. Graph C shows that HT-m and LT-m were not clearly distinct with respect to PC 1 and were overlapping (but clearly
distinct with respect to PC 2). Note that HT and LT (for amplitude and mean) consisted of mixtures of members from clusters 1 and 2 (compare Graphs B
and C with A). Clusters were distinct with respect to IUDR and demand curve (Graphs D and G). HT and LT (for amplitude and mean) were distinct with
respect to IUDR but not with respect to demand curves (Graphs E-F, H-1). Significant differences (P <0.05) between groups is shown by the symbol #.
Significant differences (P <0.05) following post-hoc tests (Tukey’s) is represented by the symbol *.

https://doi.org/10.1371/journal.pone.0340165.9007
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Differences between cluster1 and cluster2 were related to about 67% variability within the data (see # in Fig 7A), as
were differences between LT-a and HT-a (Fig 7B). Even if there were any differences between HT-m and LT-m, these
differences were relevant to only about 30% variability within the data set (see # in Fig 7C).

Interestingly, while also revealing differences with respect to PC 1, LT-a and HT-a were not identical to cluster1 and
cluster2. Furthermore, LT-m and HT-m were not the same composition as cluster1 and cluster2 or LT-a/HT-a. LT-a (n=5)
was composed of 80% subjects (4/5) from cluster1 and 16% of the subjects (1/6) from cluster2, while HT-a (n=6) was
composed of 20% of the subjects (1/5) from cluster1 and 83% of the subjects (5/6) from cluster2 (this is from comparison
between Fig 7B and Fig 7A). LT-m (n=5) includes a combination of 60% subjects (3/5) from cluster1 and 33.3% (2/6) of
the subjects from cluster2, while HT-m (n=6) was composed of 40% of the subjects (2/5) from cluster1 and 67% (4/6) of
the subjects from cluster2 (Fig 7C compared to Fig 7A).

IUDR comparison: We compared the IUDR structures of cluster1 versus cluster2 using 1) non-linear regression analy-
sis, and 2) Two-way repeated measures ANOVA with factors being log[cocaine-dose] (6 levels) and group (2 levels). For
cluster1 versus cluster2, gaussian fit (see equation 1) yielded curves that were distinct when amplitude, mean and width
were all considered together (F 3, 60=6.439, P=0.0007, Fig 7D). Two-way repeated measures ANOVA revealed the fol-
lowing information: no dose x group interaction (F 1.456, 13.10=0.1717, P=0.7760), a main effect of group (F 1, 9=14.51,
P=0.0042), and a main effect of dose (F 1.456, 13.10=59.87, P<0.0001).

As with the clusters, curves for LT-a versus HT-a were also distinct when amplitude, mean and width were all consid-
ered together (F 3, 60=4.923, P=0.0040, Fig 7E). Two-way repeated measures ANOVA revealed the following informa-
tion: no dose x group interaction (F 1.543, 13.89=1.209, P=0.3156), a main effect of group (F 1, 9=5.638, P=0.0416),
and a main effect of dose (1.543, 13.89=65.86, P<0.0001).

For LT-m versus HT-m, curves were also distinct when amplitude, mean and width were all considered together (F
3,60=7.194, P=0.0003, Fig 7F). Two-way repeated measures ANOVA revealed the following information: a significant
dose x group interaction (F 2.049, 18.44=7.985, P=0.0030), no main effect of group (F 1, 9=0.06675, P=0.8019), but a
main effect of dose (2.049, 18.44=112.9, P<0.0001).

Demand curve comparison: We compared the structure of the demand curves of respective groups using 1) non-linear
regression analysis (exponential model by [65], see equation 3). For cluster1 versus cluster2, the exponential model
yielded curves (Fig 7G) that were distinct when Q, and a were both considered together (F 2, 8=4.8, P=0.0422), when
only a was considered (F 1, 8=9.2, P=0.0164), and when only Q, was considered (F 1, 8=5.9, P=0.0410). Note that the
eValue is a derivative of a (see equation 4).

For LT-a versus HT-a, the exponential model yielded curves (Fig 7H) that were not distinct (for the comparison of the
demand curve structure) — no differences when Q, and a were both considered together (F 2, 8=2.9, P=0.1119), when
only a was considered (F 1, 8=5.3, P=0.0504), and when only Q, was considered (F 1, 8=0.77, P=0.4052).

For LT-m versus HT-m, exponential model yielded curves (Fig 71) that were distinct only when Q was considered (F 1,
8=5.4, P=0.0483), but these curves were neither distinct for a only (F 1, 8=0.053, P=0.8244) nor for Q, and a together
(F 2,8=3.9, P=0.0672).

Note that, unlike with the clusters (Fig 7D and 7G), LT versus HT (amplitude, mean) were significantly different with
respect to the IUDR (Fig 7E, 7F), but these differences were not necessarily reflected in the demand curves (Fig 7H, 71).

Discussion

It is widely assumed that HT and LT (and other variations of these groups that are distinguished based on differential
drug intake levels) represent distinct drug user types/phenotypes. However, there are several problems associated with
this assumption (see Introduction section). To address these problems, in order to advance the field, we have developed
analytical tools to identify distinct groups of subjects by 1) obtaining/including previously unquantified variables, and

2) conducting unsupervised clustering of principal components derived from several variables. While employing these
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tools in another study [62], we determined that differential levels of drug intake in a different drug use model (similar to
that observed for HT versus LT groups) did not necessarily imply distinct phenotypes. Thus, we developed a hypothesis,
contrary to common assumptions, that HT and LT are not necessarily distinct phenotypes. In this study, we tested and
confirmed our hypothesis.

From the average responses for different drug doses, we plotted the IUDR per subject. From IUDR, we constructed
the demand curve per subject. We employed the new QSCAnN-IUDR and behavioral economic analytical tools to obtain
relevant variables from both plots (Fig 2). For every subject, we obtained 13 variables. Multivariate analysis showed
some relatedness, and the lack thereof, between variables (Fig 3). PCA revealed that lower cocaine infusion doses
(d0.0, 0.01, 0.032, 0.1), amplitude, width, AUC and eValue were the more important variables to be considered with
respect to our ability to detect distinct groups, whereas the higher doses (d0.3, 0.56, 1.00), mean and Q, were less
effective in this regard (Fig 4). We conducted PCA-GMM clustering of IUDR and demand curve variables — this proce-
dure revealed distinct clusters (Fig 5). Interestingly, we determined that these distinct clusters (cluster1 and cluster2)
were 1) more different from each other than were HT/LT, and 2) included mixtures of individuals from HT and LT groups
(Figs 6 and 7). Conversely, HT and LT groups included mixtures of individuals from the different clusters. By showing
that 1) HT and LT groups are not clearly distinct, especially when other variables (including demand curve param-
eters) are also assessed (Figs 6 and 7), and 2) HT and LT groups consisted of mixtures of individuals from distinct
clusters (Fig 7), we confirmed our hypothesis that HT and LT do not necessarily represent distinct groups. This study
corroborates a recent study from our lab [62] that revealed that subjects grouped by the experimenter as short-access
(LT-like) and long-access (HT-like) are 1) not representative of distinct phenotypes and 2) are composed of mixtures of
different types of drug users.

Previous studies have suggested that vertical shifts (and rightward shifts) in the IUDR curve (Fig 1A, 1B) may serve as
a distinguishing feature for high versus low drug responders [1,3,67]. When we distinguished HT and LT via median split
of their amplitude variable, we observed differences in the IUDRs of HT versus LT, as expected, but these differences
were either not major contributors to overall variability in the data and/or these groups were not distinct with regards to
demand curves (Figs 6 and 7). Thus, HT/LT groups, while different with regards to the IUDR, as proposed (Fig 1) were not
clearly distinct with regards to demand curves (Figs 6 and 7).

Multivariate analysis revealed that drug intake (at zero price) was unrelated to demand elasticity (Fig 3), reinforcing
the findings from other studies [52,54,58,59]. PCA revealed that higher doses (d0.3, 0.56, 1.00) and Q, were correlated,
but also that these variables contributed weakly-to-moderately to variability within the data. Interestingly, in [1], HT and
LT were distinguished via median split of their cocaine intake at the highest dose (1 mg/kg/infusion). Also, in [3], rats were
grouped as HT and/or LT based on median split of their intake of cocaine at a dose =0.5mg/kg/infusion: a relatively high
dose. These groups were distinguished using median split of high cocaine doses, but our data suggests that the combina-
tion of median split and high cocaine doses may not be the most effective grouping strategy.

There are some limitations to this study especially with regards to biological sex (only male), single strain (Sprague
Dawley) and small power (low n). With regards to biological sex, it is plausible that our results would not apply to females
[68]. However, in this outbred strain, sex differences are not very evident (relative to other rat strains). For example, there
were no clear sex differences with regards to psychostimulant self-administration in the Sprague Dawley rat strain: sex
differences were reported in only 4 [69-72] out of 32 studies [69—101]. We do not think that there will be sex differences
with respect to our results. Unlike the Sprague Dawley rat strain, there are observed sex differences (75% of studies) in
psychostimulant self-administration behavior for the Long Evans (LE) outbred rat strain [10,102—115]. It could be argued
that there will be sex differences in the LE outbred strain. However, there is some evidence that differences in psycho-
stimulant effects between males and females may not be driven primarily by biological sex [116—120]. Similar to the mixed
groups of individuals from different clusters being represented in HT versus LT (Fig 7), we predict/expect that there will be
a mixture of males and females in any and every cluster/group. That said, we will study sex differences in the future.
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We acknowledge that there are limitations posed by the number of subjects employed in this study. More work will be
done in future to address these limitations. That said, our results are supported by several studies suggesting that these
limitations, while important, may not change our results overall. For example, we show that demand elasticity is an import-
ant variable to distinguish distinct groups of drug users (Figs 4—6)- this is buttressed by several other studies that have
shown that a, or demand elasticity may be important variable(s) for drug user typology [48—57]. Moreover, our results with
respect to HT and LT not being distinct are consistent with a previous study that had more power [62].

There are widespread implications of our study. Preclinical approaches that are based on differential drug intake as a
behavioral metric to separate drug users into distinct drug use types or ‘phenotypes’, using current methods, may need to
be interpreted carefully based on the limitations that we have mentioned above and based on our findings.

Our study may be clinically relevant: the clusters we identified were distinct with respect to both of the demand curve
parameters- Q, and eValue (Figs 6E, 6F, 7G) and economic demand curve parameters are clinically-relevant and directly
translatable to the human condition [50,121-123]. Our new objective approach may be important in advancing the field of
drug user typology in a manner that is clinically translatable.

Conclusions

Our work confirms major limitations of grouping drug users based on the median split of drug intake variables (Tables 1
and 2). ldentifying distinct groups via unbiased clustering of principal components derived from several variables, as we
have shown in this study, is a superior alternative to the median split. The IUDR of HT and LT, while different, do not imply
that they belong to different drug user types/phenotypes (especially when other variables such as demand elasticity are
also considered). Our findings may advance the field.

Supporting information

S1 Fig. Problems identifying high and low responders under an inverted U-shaped dose-response curve. For
these graphs, the x-axis represents dose of drug self-administered and the y-axis represents response. Graph A is

a representation of an inverted U-shape dose-response curve (IUDR) showing some variables that can be derived
from the structure. Amplitude is the peak of the IUDR, width represents how wide the IUDR is, mean is the center of
the IUDR, and AUC represents the area under the IUDR. Graph B-D represent 3 examples of the IUDR of two curves
(curve 1 and curve 2). In graph B, curve 2 would always have a higher response compared to curve 1 at all doses of
drug self-administered. Note also that relative to curve 1, curve 2 has the same mean (center) value, but has greater
amplitude, width and AUC. If curve 1 and curve 2 represent low and high responders, respectively, these group des-
ignations would be stable across all doses. However in graph C, with respect to responses, curve 1>curve 2 at lower
doses and curve 1<curve 2 at higher doses. In graph C, curves have similar amplitude, AUC, and width but different
mean values. A subject designated as high responder at one dose may be a low responder at a different dose — these
group designations would not be stable across all doses: curve 2 would be designated low responders at lower doses
and high responders at higher doses, and vice versa for curve 1. In graph D, curve 2 would be designated as the high
responder group and curve 1 would be designated as the low responder group at higher doses, but it would be difficult
to distinguish these groups at lower doses, and these groups appear to have different amplitude, mean, width and AUC.
In summary, it can be challenging to identify low and high responders based on qualitative descriptions of the IUDR
without quantifying the variables that define this structure. Note that the various intake patterns presented above may
not cover all possible patterns.

(TIF)

$2 Fig. The inverted U-shaped dose-response curves for all individuals. The IUDR curves are a plot of log, [dose] on
the x-axis and log, [response] on the y-axis. A-L represent the inverted U-shaped dose response curves for all individuals.
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R? values (written into the graphs) were from gaussian curve fit. Rat K was excluded because it was an outlier. The ampli-
tude, mean, width and AUC for all other individuals are shown in Table 2.
(TIF)

S3 Fig. The economic demand curves derived from inverted U-shaped dose-response (IUDR) curves for all indi-
viduals. A-L represent the economic demand curves for individuals. R? values (written into the graphs) were from expo-
nential fit for demand curves. K was excluded because it was an outlier. The estimated Q, and a are shown in Table 2.
(TIF)

$4 Fig. Variables for IUDR and demand curves are normally distributed. A-F represent the distribution analysis of
IUDR variables (amplitude, mean, width, AUC) and demand curve variables (Q, and eValue). A, D and F can be fitted
using Weibull function and B, C and E can be fitted using lognormal function. These fits approximate normal distributions.
We employed gaussian mixtures model in clustering analysis.

(TIF)

S1 File. Raw data.
(XLSX)

Acknowledgments

The authors wish to acknowledge Dr. Jonathan L Katz in whose lab most of the experiments were carried out. Both
authors contributed to data analysis and to the writing of the manuscript. MOJ designed and conducted behavioral experi-
ments and statistical analysis.

Author contributions

Conceptualization: Martin O. Job.

Data curation: Martin O. Job.

Formal analysis: Martin O. Job.

Investigation: Martin O. Job.

Methodology: Martin O. Job.

Project administration: Martin O. Job.

Resources: Martin O. Job.

Software: Martin O. Job.

Supervision: Martin O. Job.

Validation: Martin O. Job.

Visualization: Diego M. Castaneda, Martin O. Job.

Writing — original draft: Diego M. Castaneda, Martin O. Job.
Writing — review & editing: Diego M. Castaneda, Martin O. Job.

References

1. Piazza PV, Deroche-Gamonent V, Rouge-Pont F, Le Moal M. Vertical shifts in self-administration dose-response functions predict a drug-vulnerable
phenotype predisposed to addiction. J Neurosci. 2000;20(11):4226-32. https://doi.org/10.1523/JNEUROSCI.20-11-04226.2000 PMID: 10818158

2. Sutton MA, Karanian DA, Self DW. Factors that determine a propensity for cocaine-seeking behavior during abstinence in rats. Neuropsychophar-
macology. 2000;22(6):626—41. https://doi.org/10.1016/S0893-133X(99)00160-8 PMID: 10788762

PLOS One | https://doi.org/10.1371/journal.pone.0340165 February 2, 2026 17122



http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0340165.s003
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0340165.s004
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0340165.s005
https://doi.org/10.1523/JNEUROSCI.20-11-04226.2000
http://www.ncbi.nlm.nih.gov/pubmed/10818158
https://doi.org/10.1016/S0893-133X(99)00160-8
http://www.ncbi.nlm.nih.gov/pubmed/10788762

PLO\Sﬁ\\.- One

3. Edwards S, Whisler KN, Fuller DC, Orsulak PJ, Self DW. Addiction-related alterations in D1 and D2 dopamine receptor behavioral responses
following chronic cocaine self-administration. Neuropsychopharmacology. 2007;32(2):354—66. https://doi.org/10.1038/sj.npp.1301062 PMID:
16541082

4. Cadet JL, Brannock C, Krasnova IN, Jayanthi S, Ladenheim B, McCoy MT, et al. Genome-wide DNA hydroxymethylation identifies potassium
channels in the nucleus accumbens as discriminators of methamphetamine addiction and abstinence. Mol Psychiatry. 2017;22(8):1196-204.
https://doi.org/10.1038/mp.2016.48 PMID: 27046646

5. Cadet JL, Krasnova IN, Walther D, Brannock C, Ladenheim B, McCoy MT, et al. Increased expression of proenkephalin and prodynorphin
mRNAs in the nucleus accumbens of compulsive methamphetamine taking rats. Sci Rep. 2016;6:37002. https://doi.org/10.1038/srep37002 PMID:
27841313

6. Cadet JL, Patel R, Jayanthi S. Compulsive methamphetamine taking and abstinence in the presence of adverse consequences: Epigenetic and
transcriptional consequences in the rat brain. Pharmacol Biochem Behav. 2019;179:98-108. https://doi.org/10.1016/j.pbb.2019.02.009

7. HuY, Salmeron BJ, Krasnova IN, Gu H, Lu H, Bonci A, et al. Compulsive drug use is associated with imbalance of orbitofrontal- and prelimbic-
striatal circuits in punishment-resistant individuals. Proc Natl Acad Sci U S A. 2019;116(18):9066—71. https://doi.org/10.1073/pnas.1819978116
PMID: 30988198

8. Krasnova IN, Gerra MC, Walther D, Jayanthi S, Ladenheim B, McCoy MT, et al. Compulsive methamphetamine taking in the presence of punish-
ment is associated with increased oxytocin expression in the nucleus accumbens of rats. Sci Rep. 2017;7(1):8331. https://doi.org/10.1038/s41598-
017-08898-8 PMID: 28827541

9. DuanY, Tsai P-J, Salmeron BJ, Hu Y, Gu H, Lu H, et al. Compulsive drug-taking is associated with habenula-frontal cortex connectivity. Proc Natl
Acad Sci U S A. 2022;119(50):€2208867119. https://doi.org/10.1073/pnas.2208867119 PMID: 36469769

10. Jayanthi S, Ladenheim B, Sullivan P, McCoy MT, Krasnova IN, Goldstein DS, et al. Biochemical Neuroadaptations in the Rat Striatal Dopami-
nergic System after Prolonged Exposure to Methamphetamine Self-Administration. Int J Mol Sci. 2022;23(17):10092. https://doi.org/10.3390/
ijms231710092 PMID: 36077488

11. Subu R, Jayanthi S, Cadet JL. Compulsive methamphetamine taking induces autophagic and apoptotic markers in the rat dorsal striatum. Arch
Toxicol. 2020;94(10):3515-26. https://doi.org/10.1007/s00204-020-02844-w PMID: 32676729

12. Munoz C, Jayanthi S, Ladenheim B, Cadet JL. Compulsive methamphetamine self-administration in the presence of adverse consequences is
associated with increased hippocampal mRNA expression of cellular adhesion molecules. Front Mol Neurosci. 2023;15:1104657. https://doi.
org/10.3389/fnmol.2022.1104657 PMID: 36710935

13. Jayanthi S, Peesapati R, McCoy MT, Ladenheim B, Cadet JL. Footshock-Induced Abstinence from Compulsive Methamphetamine Self-
administration in Rat Model Is Accompanied by Increased Hippocampal Expression of Cannabinoid Receptors (CB1 and CB2). Mol Neurobiol.
2022;59(2):1238—48. https://doi.org/10.1007/s12035-021-02656-8 PMID: 34978045

14. Torres OV, Jayanthi S, Ladenheim B, McCoy MT, Krasnova IN, Cadet JL. Compulsive methamphetamine taking under punishment is associated
with greater cue-induced drug seeking in rats. Behav Brain Res. 2017;326:265—71. https://doi.org/10.1016/j.bbr.2017.03.009 PMID: 28284948

15. Torres OV, Jayanthi S, McCoy MT, Cadet JL. Selective Activation of Striatal NGF-TrkA/p75NTR/MAPK Intracellular Signaling in Rats That Show
Suppression of Methamphetamine Intake 30 Days following Drug Abstinence. Int J Neuropsychopharmacol. 2018;21(3):281-90. https://doi.
org/10.1093/ijnp/pyx105 PMID: 29165617

16. Daiwile AP, McCoy MT, Ladenheim B, Subramaniam J, Cadet JL. Incubation of methamphetamine craving in punishment-resistant individuals
is associated with activation of specific gene networks in the rat dorsal striatum. Mol Psychiatry. 2024;29(7):1990-2000. https://doi.org/10.1038/
s41380-024-02455-2 PMID: 38351172

17. Hopf FW, Lesscher HMB. Rodent models for compulsive alcohol intake. Alcohol. 2014;48(3):253-64. https://doi.org/10.1016/j.alcohol.2014.03.001
PMID: 24731992

18. Domi E, Xu L, Toivainen S, Nordeman A, Gobbo F, Venniro M, et al. A neural substrate of compulsive alcohol use. Sci Adv. 2021;7(34):eabg9045.
https://doi.org/10.1126/sciadv.abg9045 PMID: 34407947

19. Giuliano C, Pena-Oliver Y, Goodlett CR, Cardinal RN, Robbins TW, Bullmore ET, et al. Evidence for a Long-Lasting Compulsive Alcohol Seeking
Phenotype in Rats. Neuropsychopharmacology. 2018;43(4):728-38. https://doi.org/10.1038/npp.2017.105 PMID: 28553834

20. Giuliano C, Belin D, Everitt BJ. Compulsive Alcohol Seeking Results from a Failure to Disengage Dorsolateral Striatal Control over Behavior. J
Neurosci. 2019;39(9):1744-54. https://doi.org/10.1523/JNEUROSCI.2615-18.2018 PMID: 30617206

21. Giuliano C, Puaud M, Cardinal RN, Belin D, Everitt BJ. Individual differences in the engagement of habitual control over alcohol seeking predict the
development of compulsive alcohol seeking and drinking. Addict Biol. 2021;26(6):€13041. https://doi.org/10.1111/adb.13041 PMID: 33955649

22. Marchant NJ, Campbell EJ, Kaganovsky K. Punishment of alcohol-reinforced responding in alcohol preferring P rats reveals a bimodal population:
Implications for models of compulsive drug seeking. Prog Neuropsychopharmacol Biol Psychiatry. 2018;87(Pt A):68-77. https://doi.org/10.1016/j.
pnpbp.2017.07.020 PMID: 28754407

23. Campbell EJ, Flanagan JPM, Marchant NJ, Lawrence AJ. Reduced alcohol-seeking in male offspring of sires exposed to alcohol self-administration
followed by punishment-imposed abstinence. Pharmacol Res Perspect. 2018;6(2):e00384. https://doi.org/10.1002/prp2.384 PMID: 29468070

24. Durand A, Girardeau P, Freese L, Ahmed SH. Increased responsiveness to punishment of cocaine self-administration after experience with high
punishment. Neuropsychopharmacology. 2022;47(2):444-53. https://doi.org/10.1038/s41386-021-01159-3 PMID: 34429520

PLOS One | https://doi.org/10.1371/journal.pone.0340165 February 2, 2026 181722



https://doi.org/10.1038/sj.npp.1301062
http://www.ncbi.nlm.nih.gov/pubmed/16541082
https://doi.org/10.1038/mp.2016.48
http://www.ncbi.nlm.nih.gov/pubmed/27046646
https://doi.org/10.1038/srep37002
http://www.ncbi.nlm.nih.gov/pubmed/27841313
https://doi.org/10.1016/j.pbb.2019.02.009
https://doi.org/10.1073/pnas.1819978116
http://www.ncbi.nlm.nih.gov/pubmed/30988198
https://doi.org/10.1038/s41598-017-08898-8
https://doi.org/10.1038/s41598-017-08898-8
http://www.ncbi.nlm.nih.gov/pubmed/28827541
https://doi.org/10.1073/pnas.2208867119
http://www.ncbi.nlm.nih.gov/pubmed/36469769
https://doi.org/10.3390/ijms231710092
https://doi.org/10.3390/ijms231710092
http://www.ncbi.nlm.nih.gov/pubmed/36077488
https://doi.org/10.1007/s00204-020-02844-w
http://www.ncbi.nlm.nih.gov/pubmed/32676729
https://doi.org/10.3389/fnmol.2022.1104657
https://doi.org/10.3389/fnmol.2022.1104657
http://www.ncbi.nlm.nih.gov/pubmed/36710935
https://doi.org/10.1007/s12035-021-02656-8
http://www.ncbi.nlm.nih.gov/pubmed/34978045
https://doi.org/10.1016/j.bbr.2017.03.009
http://www.ncbi.nlm.nih.gov/pubmed/28284948
https://doi.org/10.1093/ijnp/pyx105
https://doi.org/10.1093/ijnp/pyx105
http://www.ncbi.nlm.nih.gov/pubmed/29165617
https://doi.org/10.1038/s41380-024-02455-2
https://doi.org/10.1038/s41380-024-02455-2
http://www.ncbi.nlm.nih.gov/pubmed/38351172
https://doi.org/10.1016/j.alcohol.2014.03.001
http://www.ncbi.nlm.nih.gov/pubmed/24731992
https://doi.org/10.1126/sciadv.abg9045
http://www.ncbi.nlm.nih.gov/pubmed/34407947
https://doi.org/10.1038/npp.2017.105
http://www.ncbi.nlm.nih.gov/pubmed/28553834
https://doi.org/10.1523/JNEUROSCI.2615-18.2018
http://www.ncbi.nlm.nih.gov/pubmed/30617206
https://doi.org/10.1111/adb.13041
http://www.ncbi.nlm.nih.gov/pubmed/33955649
https://doi.org/10.1016/j.pnpbp.2017.07.020
https://doi.org/10.1016/j.pnpbp.2017.07.020
http://www.ncbi.nlm.nih.gov/pubmed/28754407
https://doi.org/10.1002/prp2.384
http://www.ncbi.nlm.nih.gov/pubmed/29468070
https://doi.org/10.1038/s41386-021-01159-3
http://www.ncbi.nlm.nih.gov/pubmed/34429520

PLO\S\% One

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.
35.
36.

37.

38.

39.

40.

41.

42.

43.
44,

45.

46.

47.

48.

49.

50.

51.

Sun W, Yuill MB. Role of the GABAa and GABADb receptors of the central nucleus of the amygdala in compulsive cocaine-seeking behavior in male
rats. Psychopharmacology (Berl). 2020;237(12):3759-71. https://doi.org/10.1007/s00213-020-05653-2 PMID: 32875348

Zhou Y-Q, Zhang L-Y, Yu Z-P, Zhang X-Q, Shi J, Shen H-W. Tropisetron Facilitates Footshock Suppression of Compulsive Cocaine Seeking. Int J
Neuropsychopharmacol. 2019;22(9):574-84. https://doi.org/10.1093/ijnp/pyz023 PMID: 31125405

Datta U, Martini M, Fan M, Sun W. Compulsive sucrose- and cocaine-seeking behaviors in male and female Wistar rats. Psychopharmacology.
2018;235(8):2395-405. https://doi.org/10.1007/s00213-018-4937-1

Datta U, Martini M, Sun W. Different functional domains measured by cocaine self-administration under the progressive-ratio and punishment
schedules in male Wistar rats. Psychopharmacology (Berl). 2018;235(3):897-907. https://doi.org/10.1007/s00213-017-4808-1 PMID: 29214467

Pelloux Y, Murray JE, Everitt BJ. Differential vulnerability to the punishment of cocaine related behaviours: effects of locus of punishment, cocaine
taking history and alternative reinforcer availability. Psychopharmacology (Berl). 2015;232(1):125-34. https://doi.org/10.1007/s00213-014-3648-5
PMID: 24952093

Pelloux Y, Dilleen R, Economidou D, Theobald D, Everitt BJ. Reduced forebrain serotonin transmission is causally involved in the development of
compulsive cocaine seeking in rats. Neuropsychopharmacology. 2012;37(11):2505—-14. https://doi.org/10.1038/npp.2012.111 PMID: 22763621

Pelloux Y, Everitt BJ, Dickinson A. Compulsive drug seeking by rats under punishment: effects of drug taking history. Psychopharmacology (Berl).
2007;194(1):127-37. https://doi.org/10.1007/s00213-007-0805-0 PMID: 17514480

Xue 'Y, Steketee JD, Sun W. Inactivation of the central nucleus of the amygdala reduces the effect of punishment on cocaine self-administration in
rats. Eur J Neurosci. 2012;35(5):775-83. https://doi.org/10.1111/j.1460-9568.2012.08000.x PMID: 22304754

Bissonnette V, Ickes W, Bernstein I, Knowles E. ltem Variances and Median Splits: Some Discouraging and Disquieting Findings. J Pers.
1990;58(3):595-601. https://doi.org/10.1111/j.1467-6494.1990.tb00245.x

Cohen J. The Cost of Dichotomization. Appl Psychol Meas. 1983;7(3):249-53. https://doi.org/10.1177/014662168300700301
Fitzsimons GJ. Death to Dichotomizing: Figure 1. J Consum Res. 2008;35(1):5-8. https://doi.org/10.1086/589561

McClelland GH, Lynch JG Jr, Irwin JR, Spiller SA, Fitzsimons GJ. Median splits, Type Il errors, and false—positive consumer psychology: Don'’t fight
the power. J Consum Psychol. 2015;25(4):679-89. https://doi.org/10.1016/].jcps.2015.05.006

Garcia D, MacDonald S, Archer T. Two different approaches to the affective profiles model: Median splits (variable-oriented) and cluster analysis
(person-oriented). Peerd. 2015;2015: e1380. https://doi.org/10.7717/PEERJ.1380/TABLE-3

lacobucci D, Posavac SS, Kardes FR, Schneider MJ, Popovich DL. Toward a more nuanced understanding of the statistical properties of a median
split. J Consum Psychol. 2014;25(4):652—-65. https://doi.org/10.1016/j.jcps.2014.12.002

Irwin JR, McClelland GH. Negative consequences of dichotomizing continuous predictor variables. J Mark Res. 2003;40:366—71. https://doi.
org/10.1509/JMKR.40.3.366

Iselin A-MR, Gallucci M, DeCoster J. Reconciling questions about dichotomizing variables in criminal justice research. J Crim Just.
2013;41(6):386—94. https://doi.org/10.1016/j.jcrimjus.2013.07.002

Knuppel L, Hermsen O. Median split, k-group split, and optimality in continuous populations. AStA Adv Stat Anal. 2010;94: 53—-74. https://doi.
org/10.1007/S10182-010-0122-5/METRICS

MacCallum RC, Zhang S, Preacher KJ, Rucker DD. On the practice of dichotomization of quantitative variables. Psychol Methods. 2002;7(1):19—
40. https://doi.org/10.1037/1082-989x.7.1.19 PMID: 11928888

Maxwell SE, Delaney HD. Bivariate median splits and spurious statistical significance. 1993.
MacCallum RC, Zhang S, Preacher KJ, Rucker DD. On the practice of dichotomization of quantitative variables. Psychol Methods. 2002;7(1):19—
40. https://doi.org/10.1037/1082-989x.7.1.19 PMID: 11928888

Gebhardt C, Rose N, Mitte K. Fact or artefact: an item response theory analysis of median split based repressor classification. Br J Health Psychol.
2014;19(1):36-51. https://doi.org/10.1111/bjhp.12029 PMID: 23379417

DeCoster J, Iselin A-MR, Gallucci M. A conceptual and empirical examination of justifications for dichotomization. Psychol Methods.
2009;14(4):349-66. https://doi.org/10.1037/a0016956 PMID: 19968397

Garcia D, MacDonald S, Archer T. Two different approaches to the affective profiles model: median splits (variable-oriented) and cluster analysis
(person-oriented). Peerd. 2015;3:e1380. https://doi.org/10.7717/peerj.1380 PMID: 26539337

Mohammadkhani A, Fragale JE, Pantazis CB, Bowrey HE, James MH, Aston-Jones G. Orexin-1 Receptor Signaling in Ventral Pallidum Regulates
Motivation for the Opioid Remifentanil. J Neurosci. 2019;39(49):9831—40. https://doi.org/10.1523/JNEUROSCI.0255-19.2019 PMID: 31641055

Kohtz AS, Lin B, Davies H, Presker M, Aston-Jones G. Hormonal milieu drives economic demand for cocaine in female rats. Neuropsychopharma-
cology. 2022;47(8):1484-92. https://doi.org/10.1038/s41386-022-01304-6 PMID: 35338254

Aston ER, Cassidy RN. Behavioral economic demand assessments in the addictions. Curr Opin Psychol. 2019;30:42—7. https://doi.org/10.1016/j.
copsyc.2019.01.016 PMID: 30807957

Bentzley BS, Aston-Jones G. Inhibiting subthalamic nucleus decreases cocaine demand and relapse: therapeutic potential. Addict Biol.
2017;22(4):946-57. https://doi.org/10.1111/adb.12380 PMID: 26935125

PLOS One | https://doi.org/10.1371/journal.pone.0340165 February 2, 2026 19/22



https://doi.org/10.1007/s00213-020-05653-2
http://www.ncbi.nlm.nih.gov/pubmed/32875348
https://doi.org/10.1093/ijnp/pyz023
http://www.ncbi.nlm.nih.gov/pubmed/31125405
https://doi.org/10.1007/s00213-018-4937-1
https://doi.org/10.1007/s00213-017-4808-1
http://www.ncbi.nlm.nih.gov/pubmed/29214467
https://doi.org/10.1007/s00213-014-3648-5
http://www.ncbi.nlm.nih.gov/pubmed/24952093
https://doi.org/10.1038/npp.2012.111
http://www.ncbi.nlm.nih.gov/pubmed/22763621
https://doi.org/10.1007/s00213-007-0805-0
http://www.ncbi.nlm.nih.gov/pubmed/17514480
https://doi.org/10.1111/j.1460-9568.2012.08000.x
http://www.ncbi.nlm.nih.gov/pubmed/22304754
https://doi.org/10.1111/j.1467-6494.1990.tb00245.x
https://doi.org/10.1177/014662168300700301
https://doi.org/10.1086/589561
https://doi.org/10.1016/j.jcps.2015.05.006
https://doi.org/10.7717/PEERJ.1380/TABLE-3
https://doi.org/10.1016/j.jcps.2014.12.002
https://doi.org/10.1509/JMKR.40.3.366
https://doi.org/10.1509/JMKR.40.3.366
https://doi.org/10.1016/j.jcrimjus.2013.07.002
https://doi.org/10.1007/S10182-010-0122-5/METRICS
https://doi.org/10.1007/S10182-010-0122-5/METRICS
https://doi.org/10.1037/1082-989x.7.1.19
http://www.ncbi.nlm.nih.gov/pubmed/11928888
https://doi.org/10.1037/1082-989x.7.1.19
http://www.ncbi.nlm.nih.gov/pubmed/11928888
https://doi.org/10.1111/bjhp.12029
http://www.ncbi.nlm.nih.gov/pubmed/23379417
https://doi.org/10.1037/a0016956
http://www.ncbi.nlm.nih.gov/pubmed/19968397
https://doi.org/10.7717/peerj.1380
http://www.ncbi.nlm.nih.gov/pubmed/26539337
https://doi.org/10.1523/JNEUROSCI.0255-19.2019
http://www.ncbi.nlm.nih.gov/pubmed/31641055
https://doi.org/10.1038/s41386-022-01304-6
http://www.ncbi.nlm.nih.gov/pubmed/35338254
https://doi.org/10.1016/j.copsyc.2019.01.016
https://doi.org/10.1016/j.copsyc.2019.01.016
http://www.ncbi.nlm.nih.gov/pubmed/30807957
https://doi.org/10.1111/adb.12380
http://www.ncbi.nlm.nih.gov/pubmed/26935125

PLO\Sﬁ\\.- One

52. Bentzley BS, Fender KM, Aston-Jones G. The behavioral economics of drug self-administration: a review and new analytical approach for within-
session procedures. Psychopharmacology (Berl). 2013;226(1):113-25. https://doi.org/10.1007/s00213-012-2899-2 PMID: 23086021

53. James MH, Bowrey HE, Stopper CM, Aston-Jones G. Demand elasticity predicts addiction endophenotypes and the therapeutic efficacy of an
orexin/hypocretin-1 receptor antagonist in rats. Eur J Neurosci. 2019;50(3):2602—12. https://doi.org/10.1111/ejn.14166 PMID: 30240516

54. Bentzley BS, Jhou TC, Aston-Jones G. Economic demand predicts addiction-like behavior and therapeutic efficacy of oxytocin in the rat. Proc Natl
Acad Sci U S A. 2014;111(32):11822-7. https://doi.org/10.1073/pnas.1406324111 PMID: 25071176

55. Porter-Stransky KA, Bentzley BS, Aston-Jones G. Individual differences in orexin-I receptor modulation of motivation for the opioid remifentanil.
Addict Biol. 2017;22(2):303-17. https://doi.org/10.1111/adb.12323 PMID: 26598295

56. Job MO, Katz JL. A behavioral economic analysis of the effects of rimcazole on reinforcing effects of cocaine injection and food presentation in
rats. Psychopharmacology (Berl). 2019;236(12):3601—-12. https://doi.org/10.1007/s00213-019-05332-x PMID: 31399853

57. Newman M, Ferrario CR. An improved demand curve for analysis of food or drug consumption in behavioral experiments. Psychopharmacology
(Berl). 2020;237(4):943-55. https://doi.org/10.1007/s00213-020-05491-2 PMID: 32170328

58. Siciliano CA, Jones SR. Cocaine Potency at the Dopamine Transporter Tracks Discrete Motivational States During Cocaine Self-Administration.
Neuropsychopharmacology. 2017;42(9):1893-904. https://doi.org/10.1038/npp.2017.24 PMID: 28139678

59. Roberts DCS, Gabriele A, Zimmer BA. Conflation of cocaine seeking and cocaine taking responses in |V self-administration experiments in
rats: methodological and interpretational considerations. Neurosci Biobehav Rev. 2013;37(9 Pt A):2026-36. https://doi.org/10.1016/j.neu-
biorev.2013.04.017 PMID: 23669047

60. Oleson EB, Richardson JM, Roberts DCS. A novel IV cocaine self-administration procedure in rats: differential effects of dopamine, serotonin,
and GABA drug pre-treatments on cocaine consumption and maximal price paid. Psychopharmacology (Berl). 2011;214(2):567—77. https://doi.
org/10.1007/s00213-010-2058-6 PMID: 21110008

61. lkemoto S, Panksepp J. Dissociations between appetitive and consummatory responses by pharmacological manipulations of reward-relevant
brain regions. Behav Neurosci. 1996;110(2):331-45. https://doi.org/10.1037//0735-7044.110.2.331 PMID: 8731060

62. Giunta M, Madhuranthakam IM, Job MO. A challenge to the assumption that short- versus long-access groups of opioid users represent distinct
phenotypes. 2025. Available from: https://www.biorxiv.org/content/10.1101/2025.11.10.687622v1

63. Yates JR, Bardo MT, Beckmann JS. Environmental enrichment and drug value: a behavioral economic analysis in male rats. Addict Biol.
2019;24(1):65-75. https://doi.org/10.1111/adb.12581 PMID: 29178664

64. Oleson EB, Roberts DCS. Behavioral economic assessment of price and cocaine consumption following self-administration histories that produce
escalation of either final ratios or intake. Neuropsychopharmacology. 2009;34(3):796—804. https://doi.org/10.1038/npp.2008.195 PMID: 18971927

65. Hursh SR, Silberberg A. Economic demand and essential value. Psychol Rev. 2008;115(1):186-98. https://doi.org/10.1037/0033-295X.115.1.186
PMID: 18211190

66. Dalmaijer ES, Nord CL, Astle DE. Statistical power for cluster analysis. BMC Bioinformatics. 2022;23(1):205. https://doi.org/10.1186/s12859-022-
04675-1 PMID: 35641905

67. Ahmed SH, Koob GF. Transition from moderate to excessive drug intake: change in hedonic set point. Science. 1998;282(5387):298-300. https://
doi.org/10.1126/science.282.5387.298 PMID: 9765157

68. O’Connor SL, Aston-Jones G, James MH. Novelty preference does not predict trait cocaine behaviors in male rats. Addict Neurosci.
2022;2:100013. https://doi.org/10.1016/j.addicn.2022.100013 PMID: 35425947

69. Connelly KL, Wolsh CC, Barr JL, Bauder M, Hausch F, Unterwald EM. Sex differences in the effect of the FKBP5 inhibitor SAFit2 on anxiety and
stress-induced reinstatement following cocaine self-administration. Neurobiol Stress. 2020;13:100232. https://doi.org/10.1016/j.ynstr.2020.100232
PMID: 33344688

70. Lynch WJ, Kiraly DD, Caldarone BJ, Picciotto MR, Taylor JR. Effect of cocaine self-administration on striatal PKA-regulated signaling in male and
female rats. Psychopharmacology (Berl). 2007;191(2):263—71. https://doi.org/10.1007/s00213-006-0656-0 PMID: 17180335

71. Towers EB, Williams IL, Qillawala El, Lynch WJ. Role of nucleus accumbens dopamine 2 receptors in motivating cocaine use in male and
female rats prior to and following the development of an addiction-like phenotype. Front Pharmacol. 2023;14:1237990. https://doi.org/10.3389/
fphar.2023.1237990 PMID: 37564182

72. Funke JR, Hwang E-K, Wunsch AM, Baker R, Engeln KA, Murray CH, et al. Persistent Neuroadaptations in the Nucleus Accumbens Core Accom-
pany Incubation of Methamphetamine Craving in Male and Female Rats. eNeuro. 2023;10(3):ENEURO.0480-22.2023. https://doi.org/10.1523/
ENEURO.0480-22.2023 PMID: 36792361

73. Westbrook SR, Dwyer MR, Cortes LR, Gulley JM. Extended access self-administration of methamphetamine is associated with age- and sex-
dependent differences in drug taking behavior and recognition memory in rats. Behav Brain Res. 2020;390:112659. https://doi.org/10.1016/j.
bbr.2020.112659 PMID: 32437887

74. Johansen A, McFadden LM. The neurochemical consequences of methamphetamine self-administration in male and female rats. Drug Alcohol
Depend. 2017;178:70—4. https://doi.org/10.1016/j.drugalcdep.2017.04.011 PMID: 28645061

75. Pena-Bravo JI, Penrod R, Reichel CM, Lavin A. Methamphetamine Self-Administration Elicits Sex-Related Changes in Postsynaptic Gluta-
mate Transmission in the Prefrontal Cortex. eNeuro. 2019;6(1):ENEURO.0401-18.2018. https://doi.org/10.1523/ENEURO.0401-18.2018 PMID:
30693312

PLOS One | https://doi.org/10.1371/journal.pone.0340165 February 2, 2026 20/22



https://doi.org/10.1007/s00213-012-2899-2
http://www.ncbi.nlm.nih.gov/pubmed/23086021
https://doi.org/10.1111/ejn.14166
http://www.ncbi.nlm.nih.gov/pubmed/30240516
https://doi.org/10.1073/pnas.1406324111
http://www.ncbi.nlm.nih.gov/pubmed/25071176
https://doi.org/10.1111/adb.12323
http://www.ncbi.nlm.nih.gov/pubmed/26598295
https://doi.org/10.1007/s00213-019-05332-x
http://www.ncbi.nlm.nih.gov/pubmed/31399853
https://doi.org/10.1007/s00213-020-05491-2
http://www.ncbi.nlm.nih.gov/pubmed/32170328
https://doi.org/10.1038/npp.2017.24
http://www.ncbi.nlm.nih.gov/pubmed/28139678
https://doi.org/10.1016/j.neubiorev.2013.04.017
https://doi.org/10.1016/j.neubiorev.2013.04.017
http://www.ncbi.nlm.nih.gov/pubmed/23669047
https://doi.org/10.1007/s00213-010-2058-6
https://doi.org/10.1007/s00213-010-2058-6
http://www.ncbi.nlm.nih.gov/pubmed/21110008
https://doi.org/10.1037//0735-7044.110.2.331
http://www.ncbi.nlm.nih.gov/pubmed/8731060
https://www.biorxiv.org/content/10.1101/2025.11.10.687622v1
https://doi.org/10.1111/adb.12581
http://www.ncbi.nlm.nih.gov/pubmed/29178664
https://doi.org/10.1038/npp.2008.195
http://www.ncbi.nlm.nih.gov/pubmed/18971927
https://doi.org/10.1037/0033-295X.115.1.186
http://www.ncbi.nlm.nih.gov/pubmed/18211190
https://doi.org/10.1186/s12859-022-04675-1
https://doi.org/10.1186/s12859-022-04675-1
http://www.ncbi.nlm.nih.gov/pubmed/35641905
https://doi.org/10.1126/science.282.5387.298
https://doi.org/10.1126/science.282.5387.298
http://www.ncbi.nlm.nih.gov/pubmed/9765157
https://doi.org/10.1016/j.addicn.2022.100013
http://www.ncbi.nlm.nih.gov/pubmed/35425947
https://doi.org/10.1016/j.ynstr.2020.100232
http://www.ncbi.nlm.nih.gov/pubmed/33344688
https://doi.org/10.1007/s00213-006-0656-0
http://www.ncbi.nlm.nih.gov/pubmed/17180335
https://doi.org/10.3389/fphar.2023.1237990
https://doi.org/10.3389/fphar.2023.1237990
http://www.ncbi.nlm.nih.gov/pubmed/37564182
https://doi.org/10.1523/ENEURO.0480-22.2023
https://doi.org/10.1523/ENEURO.0480-22.2023
http://www.ncbi.nlm.nih.gov/pubmed/36792361
https://doi.org/10.1016/j.bbr.2020.112659
https://doi.org/10.1016/j.bbr.2020.112659
http://www.ncbi.nlm.nih.gov/pubmed/32437887
https://doi.org/10.1016/j.drugalcdep.2017.04.011
http://www.ncbi.nlm.nih.gov/pubmed/28645061
https://doi.org/10.1523/ENEURO.0401-18.2018
http://www.ncbi.nlm.nih.gov/pubmed/30693312

PLO\Sﬁ\\.- One

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

Ruda-Kucerova J, Amchova P, Babinska Z, Dusek L, Micale V, Sulcova A. Sex Differences in the Reinstatement of Methamphetamine Seeking
after Forced Abstinence in Sprague-Dawley Rats. Front Psychiatry. 2015;6:91. https://doi.org/10.3389/fpsyt.2015.00091 PMID: 26217239

Pittenger ST, Chou S, Murawski NJ, Barrett ST, Loh O, Duque JF, et al. Female rats display higher methamphetamine-primed reinstatement and
c-Fos immunoreactivity than male rats. Pharmacol Biochem Behav. 2021;201:173089. https://doi.org/10.1016/j.pbb.2020.173089 PMID: 33422599

Venniro M, Zhang M, Shaham Y, Caprioli D. Incubation of Methamphetamine but not Heroin Craving After Voluntary Abstinence in Male and
Female Rats. Neuropsychopharmacology. 2017;42(5):1126-35. https://doi.org/10.1038/npp.2016.287 PMID: 28025975

Cordie R, McFadden LM. Optogenetic inhibition of the medial prefrontal cortex reduces methamphetamine-primed reinstatement in male and
female rats. Behav Pharmacol. 2019;30(6):506—13. https://doi.org/10.1097/FBP.0000000000000485 PMID: 31033525

Lin H, Olaniran A, Garmchi S, Firlie J, Rincon N, Li X. The estrous cycle has no effect on incubation of methamphetamine craving and associated
Fos expression in dorsomedial striatum and anterior intralaminar nucleus of thalamus. Addict Neurosci. 2024;11:100158. https://doi.org/10.1016/j.
addicn.2024.100158 PMID: 38938268

Bernheim A, Leong K-C, Berini C, Reichel CM. Antagonism of mGlu2/3 receptors in the nucleus accumbens prevents oxytocin from reducing cued
methamphetamine seeking in male and female rats. Pharmacol Biochem Behav. 2017;161:13-21. https://doi.org/10.1016/j.pbb.2017.08.012 PMID:
28870523

McFadden LM, Cordie R, Livermont T, Johansen A. Behavioral and Serotonergic Changes in the Frontal Cortex Following Methamphetamine
Self-Administration. Int J Neuropsychopharmacol. 2018;21(8):758—-63. https://doi.org/10.1093/ijnp/pyy044 PMID: 29762664

Hankosky ER, Westbrook SR, Haake RM, Marinelli M, Gulley JM. Reduced sensitivity to reinforcement in adolescent compared to adult
Sprague-Dawley rats of both sexes. Psychopharmacology (Berl). 2018;235(3):861—71. https://doi.org/10.1007/s00213-017-4804-5 PMID:
29197983

Hankosky ER, Westbrook SR, Haake RM, Willing J, Raetzman LT, Juraska JM, et al. Age- and sex-dependent effects of methamphetamine on
cognitive flexibility and 5-HT2C receptor localization in the orbitofrontal cortex of Sprague-Dawley rats. Behav Brain Res. 2018;349:16-24. https://
doi.org/10.1016/j.bbr.2018.04.047 PMID: 29715538

Bachtell RK, Larson TA, Winkler MC. Adenosine receptor stimulation inhibits methamphetamine-associated cue seeking. J Psychopharmacol.
2023;37(2):192—-203. https://doi.org/10.1177/02698811221147157 PMID: 36629009

Nagy EK, Overby PF, Leyrer-Jackson JM, Carfagno VF, Acufia AM, Olive MF. Methamphetamine and the Synthetic Cathinone
3,4-Methylenedioxypyrovalerone (MDPV) Produce Persistent Effects on Prefrontal and Striatal Microglial Morphology and Neuroimmune
Signaling Following Repeated Binge-like Intake in Male and Female Rats. Brain Sci. 2024;14(5):435. https://doi.org/10.3390/brainsci14050435
PMID: 38790414

Bender BN, Torregrossa MM. Intermittent cocaine self-administration has sex-specific effects on addiction-like behaviors in rats. Neuropharmacol-
ogy. 2023;230:109490. https://doi.org/10.1016/j.neuropharm.2023.109490 PMID: 36889433

Kawa AB, Robinson TE. Sex differences in incentive-sensitization produced by intermittent access cocaine self-administration. Psychopharmacol-
ogy (Berl). 2019;236(2):625-39. https://doi.org/10.1007/s00213-018-5091-5 PMID: 30368583

Nicolas C, Russell Tl, Pierce AF, Maldera S, Holley A, You Z-B, et al. Incubation of Cocaine Craving After Intermittent-Access Self-administration:
Sex Differences and Estrous Cycle. Biol Psychiatry. 2019;85(11):915-24. https://doi.org/10.1016/j.biopsych.2019.01.015 PMID: 30846301

Carr CC, Ferrario CR, Robinson TE. Intermittent access cocaine self-administration produces psychomotor sensitization: effects of withdrawal, sex
and cross-sensitization. Psychopharmacology (Berl). 2020;237(6):1795-812. https://doi.org/10.1007/s00213-020-05500-4 PMID: 32206828
Doyle MR, Beltran NM, Bushnell MSA, Syed M, Acosta V, Desai M, et al. Effects of access condition on substance use disorder-like pheno-

types in male and female rats self-administering MDPV or cocaine. Drug Alcohol Depend. 2024;263:112408. https://doi.org/10.1016/].drugalc-
dep.2024.112408 PMID: 39141975

Kosten TA, Zhang XY. Sex differences in non-reinforced responding for cocaine. Am J Drug Alcohol Abuse. 2008;34(4):473-88. https://doi.
org/10.1080/00952990802082206 PMID: 18584577

Corbett CM, Dunn E, Loweth JA. Effects of Sex and Estrous Cycle on the Time Course of Incubation of Cue-Induced Craving following Extended-
Access Cocaine Self-Administration. eNeuro. 2021;8(4):ENEURO.0054-21.2021. https://doi.org/10.1523/ENEURO.0054-21.2021 PMID: 34290059

Feltenstein MW, Henderson AR, See RE. Enhancement of cue-induced reinstatement of cocaine-seeking in rats by yohimbine: sex differences and
the role of the estrous cycle. Psychopharmacology (Berl). 2011;216(1):53-62. https://doi.org/10.1007/s00213-011-2187-6 PMID: 21308466

Lynch WJ, Taylor JR. Sex differences in the behavioral effects of 24-h/day access to cocaine under a discrete trial procedure. Neuropsychophar-
macology. 2004;29(5):943-51. https://doi.org/10.1038/sj.npp.1300389 PMID: 14872204

Haney M, Maccari S, Le Moal M, Simon H, Piazza PV. Social stress increases the acquisition of cocaine self-administration in male and female
rats. Brain Res. 1995;698(1-2):46-52. https://doi.org/10.1016/0006-8993(95)00788-r PMID: 8581502

Kerstetter KA, Aguilar VR, Parrish AB, Kippin TE. Protracted time-dependent increases in cocaine-seeking behavior during cocaine withdrawal in
female relative to male rats. Psychopharmacology (Berl). 2008;198(1):63—75. https://doi.org/10.1007/s00213-008-1089-8 PMID: 18265959

Mankame S, Worobey SJ, Sacko TJ, Pierce RC, Swinford-Jackson SE. Differential effects of deep brain stimulation on reinstatement of cocaine
seeking in male and female rats. Neurosci Lett. 2024;836:137888. https://doi.org/10.1016/j.neulet.2024.137888 PMID: 38945352

Witt EA, Reissner KJ. The effects of nicotinamide on reinstatement to cocaine seeking in male and female Sprague Dawley rats. Psychopharma-
cology (Berl). 2020;237(3):669-80. https://doi.org/10.1007/s00213-019-05404-y PMID: 31811351

PLOS One | https://doi.org/10.1371/journal.pone.0340165 February 2, 2026 21/22



https://doi.org/10.3389/fpsyt.2015.00091
http://www.ncbi.nlm.nih.gov/pubmed/26217239
https://doi.org/10.1016/j.pbb.2020.173089
http://www.ncbi.nlm.nih.gov/pubmed/33422599
https://doi.org/10.1038/npp.2016.287
http://www.ncbi.nlm.nih.gov/pubmed/28025975
https://doi.org/10.1097/FBP.0000000000000485
http://www.ncbi.nlm.nih.gov/pubmed/31033525
https://doi.org/10.1016/j.addicn.2024.100158
https://doi.org/10.1016/j.addicn.2024.100158
http://www.ncbi.nlm.nih.gov/pubmed/38938268
https://doi.org/10.1016/j.pbb.2017.08.012
http://www.ncbi.nlm.nih.gov/pubmed/28870523
https://doi.org/10.1093/ijnp/pyy044
http://www.ncbi.nlm.nih.gov/pubmed/29762664
https://doi.org/10.1007/s00213-017-4804-5
http://www.ncbi.nlm.nih.gov/pubmed/29197983
https://doi.org/10.1016/j.bbr.2018.04.047
https://doi.org/10.1016/j.bbr.2018.04.047
http://www.ncbi.nlm.nih.gov/pubmed/29715538
https://doi.org/10.1177/02698811221147157
http://www.ncbi.nlm.nih.gov/pubmed/36629009
https://doi.org/10.3390/brainsci14050435
http://www.ncbi.nlm.nih.gov/pubmed/38790414
https://doi.org/10.1016/j.neuropharm.2023.109490
http://www.ncbi.nlm.nih.gov/pubmed/36889433
https://doi.org/10.1007/s00213-018-5091-5
http://www.ncbi.nlm.nih.gov/pubmed/30368583
https://doi.org/10.1016/j.biopsych.2019.01.015
http://www.ncbi.nlm.nih.gov/pubmed/30846301
https://doi.org/10.1007/s00213-020-05500-4
http://www.ncbi.nlm.nih.gov/pubmed/32206828
https://doi.org/10.1016/j.drugalcdep.2024.112408
https://doi.org/10.1016/j.drugalcdep.2024.112408
http://www.ncbi.nlm.nih.gov/pubmed/39141975
https://doi.org/10.1080/00952990802082206
https://doi.org/10.1080/00952990802082206
http://www.ncbi.nlm.nih.gov/pubmed/18584577
https://doi.org/10.1523/ENEURO.0054-21.2021
http://www.ncbi.nlm.nih.gov/pubmed/34290059
https://doi.org/10.1007/s00213-011-2187-6
http://www.ncbi.nlm.nih.gov/pubmed/21308466
https://doi.org/10.1038/sj.npp.1300389
http://www.ncbi.nlm.nih.gov/pubmed/14872204
https://doi.org/10.1016/0006-8993(95)00788-r
http://www.ncbi.nlm.nih.gov/pubmed/8581502
https://doi.org/10.1007/s00213-008-1089-8
http://www.ncbi.nlm.nih.gov/pubmed/18265959
https://doi.org/10.1016/j.neulet.2024.137888
http://www.ncbi.nlm.nih.gov/pubmed/38945352
https://doi.org/10.1007/s00213-019-05404-y
http://www.ncbi.nlm.nih.gov/pubmed/31811351

PLO\Sﬁ\\.- One

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

Truckenbrod LM, Cooper EM, Wheeler A-R, Orsini CA. Cocaine intake correlates with risk-taking behavior and affects estrous cycling in female
Sprague-Dawley rats. Front Behav Neurosci. 2023;17:1293226. https://doi.org/10.3389/fnbeh.2023.1293226 PMID: 37965568

Horchar MJ, Kappesser JL, Broderick MR, Wright MR, Yates JR. Effects of NMDA receptor antagonists on behavioral economic indices of
cocaine self-administration. Drug Alcohol Depend. 2022;233:109348. https://doi.org/10.1016/j.drugalcdep.2022.109348 PMID: 35176632

Daiwile AP, Jayanthi S, Ladenheim B, McCoy MT, Brannock C, Schroeder J, et al. Sex Differences in Escalated Methamphetamine Self-
Administration and Altered Gene Expression Associated With Incubation of Methamphetamine Seeking. Int J Neuropsychopharmacol.
2019;22(11):710-23. https://doi.org/10.1093/ijnp/pyz050 PMID: 31562746

Daiwile AP, Jayanthi S, Cadet JL. Sex- and Brain Region-specific Changes in Gene Expression in Male and Female Rats as Consequences of
Methamphetamine Self-administration and Abstinence. Neuroscience. 2021;452:265-79. https://doi.org/10.1016/j.neuroscience.2020.11.025
PMID: 33242543

Daiwile AP, Sullivan P, Jayanthi S, Goldstein DS, Cadet JL. Sex-Specific Alterations in Dopamine Metabolism in the Brain after Methamphetamine
Self-Administration. Int J Mol Sci. 2022;23(8):4353. https://doi.org/10.3390/ijms23084353 PMID: 35457170

Miller AE, Daiwile AP, Cadet JL. Sex-Dependent Alterations in the mRNA Expression of Enzymes Involved in Dopamine Synthesis and Breakdown
After Methamphetamine Self-Administration. Neurotox Res. 2022;40(5):1464—78. https://doi.org/10.1007/s12640-022-00545-z PMID: 35834057

Gujar VV, Daiwile AP, Palande V, Cadet JL. RNA sequencing analysis identifies sex differences in transcriptional signatures in the dorsal striatum
of female and male rats after withdrawal from methamphetamine self-administration. Neurochem Int. 2025;187:105980. https://doi.org/10.1016/].
neuint.2025.105980 PMID: 40280491

McCoy MT, Daiwile AP, Ladenheim B, Cadet JL. Sex-specific Alterations in the mRNA Expression of Histone Deacetylases (HDACs) in the Rat
Brain Following Prolonged Abstinence from Methamphetamine Self-administration. Mol Neurobiol. 2025;62(8):9759-71. https://doi.org/10.1007/
$12035-025-04869-7 PMID: 40148576

Job MO, Chojnacki MR, Daiwile AP, Cadet JL. Chemogenetic Inhibition of Dopamine D1-expressing Neurons in the Dorsal Striatum does
not alter Methamphetamine Intake in either Male or Female Long Evans Rats. Neurosci Lett. 2020;729:134987. https://doi.org/10.1016/].
neulet.2020.134987 PMID: 32371155

Dawes MH, Ortelli OA, Holleran KM, Jones SR. Fentanyl self-administration is accelerated by methamphetamine co-use and results in worsened
hypodopaminergia in male, but not female rats. Eur J Neurosci. 2024;60(8):5912—26. https://doi.org/10.1111/ejn.16533 PMID: 39251212

Lewandowski SI, Hodebourg R, Wood SK, Carter JS, Nelson KH, Kalivas PW, et al. Matrix metalloproteinase activity during methamphetamine
cued relapse. Addict Biol. 2023;28(5):e13279. https://doi.org/10.1111/adb.13279 PMID: 37186441

Reichel CM, Chan CH, Ghee SM, See RE. Sex differences in escalation of methamphetamine self-administration: cognitive and motivational
consequences in rats. Psychopharmacology (Berl). 2012;223(4):371-80. https://doi.org/10.1007/s00213-012-2727-8 PMID: 22592902

Cox BM, Young AB, See RE, Reichel CM. Sex differences in methamphetamine seeking in rats: impact of oxytocin. Psychoneuroendocrinology.
2013;38(10):2343-53. https://doi.org/10.1016/j.psyneuen.2013.05.005 PMID: 23764194

Orsini CA, Blaes SL, Dragone RJ, Betzhold SM, Finner AM, Bizon JL, et al. Distinct relationships between risky decision making and cocaine
self-administration under short- and long-access conditions. Prog Neuropsychopharmacol Biol Psychiatry. 2020;98:109791. https://doi.
org/10.1016/j.pnpbp.2019.109791 PMID: 31676462

Holly EN, Shimamoto A, Debold JF, Miczek KA. Sex differences in behavioral and neural cross-sensitization and escalated cocaine taking as a
result of episodic social defeat stress in rats. Psychopharmacology (Berl). 2012;224(1):179-88. https://doi.org/10.1007/s00213-012-2846-2 PMID:
22926005

Moschak TM, Carelli RM. A sex-dependent role for the prelimbic cortex in impulsive action both before and following early cocaine abstinence.
Neuropsychopharmacology. 2021;46(9):1565—73. https://doi.org/10.1038/s41386-021-01024-3 PMID: 33972695

Showell BH, Job MO. The most significant differences between male and female rats regarding psychostimulant self-administration behavior are
unrelated to biological sex. 2024.

Yao G, Job MO. Employing biological sex as a primary variable can restrict our understanding of behavioral diversity (and sex differences) in
psychostimulant activity. 2024.

Job MO. Limitations of grouping subjects based on biological sex (males versus females) and a new approach: insights from intra-nucleus
accumbens core dopamine-induced psychostimulant activity. 2024.

Tigano AM, Job MO. Lack of Sex Differences in Psychostimulant-Induced Locomotor Activity When Comparing Rats From the Same Behavioral
Groups. Biol Psychiatry Glob Open Sci. 2025;5(5):100519. https://doi.org/10.1016/j.bpsgos.2025.100519 PMID: 40612023

Tigano AM, Job MO. Overestimation of sex differences in psychostimulant activity via comparisons of males and females from different behavioral
groups. 2024.

Strickland JC, Lacy RT. Behavioral economic demand as a unifying language for addiction science: Promoting collaboration and integration of
animal and human models. Exp Clin Psychopharmacol. 2020;28(4):404—16. https://doi.org/10.1037/pha0000358 PMID: 32105136

Schwartz LP, Blank L, Hursh SR. Behavioral economic demand in opioid treatment: Predictive validity of hypothetical purchase tasks for heroin,
cocaine, and benzodiazepines. Drug Alcohol Depend. 2021;221:108562. https://doi.org/10.1016/j.drugalcdep.2021.108562 PMID: 33556658

Heinz AJ, Lilie TC, Kassel JD, de Wit H. Quantifying reinforcement value and demand for psychoactive substances in humans. Curr Drug Abuse
Rev. 2012;5(4):257-72. https://doi.org/10.2174/1874473711205040002 PMID: 23062106

PLOS One | https://doi.org/10.1371/journal.pone.0340165 February 2, 2026 22122



https://doi.org/10.3389/fnbeh.2023.1293226
http://www.ncbi.nlm.nih.gov/pubmed/37965568
https://doi.org/10.1016/j.drugalcdep.2022.109348
http://www.ncbi.nlm.nih.gov/pubmed/35176632
https://doi.org/10.1093/ijnp/pyz050
http://www.ncbi.nlm.nih.gov/pubmed/31562746
https://doi.org/10.1016/j.neuroscience.2020.11.025
http://www.ncbi.nlm.nih.gov/pubmed/33242543
https://doi.org/10.3390/ijms23084353
http://www.ncbi.nlm.nih.gov/pubmed/35457170
https://doi.org/10.1007/s12640-022-00545-z
http://www.ncbi.nlm.nih.gov/pubmed/35834057
https://doi.org/10.1016/j.neuint.2025.105980
https://doi.org/10.1016/j.neuint.2025.105980
http://www.ncbi.nlm.nih.gov/pubmed/40280491
https://doi.org/10.1007/s12035-025-04869-7
https://doi.org/10.1007/s12035-025-04869-7
http://www.ncbi.nlm.nih.gov/pubmed/40148576
https://doi.org/10.1016/j.neulet.2020.134987
https://doi.org/10.1016/j.neulet.2020.134987
http://www.ncbi.nlm.nih.gov/pubmed/32371155
https://doi.org/10.1111/ejn.16533
http://www.ncbi.nlm.nih.gov/pubmed/39251212
https://doi.org/10.1111/adb.13279
http://www.ncbi.nlm.nih.gov/pubmed/37186441
https://doi.org/10.1007/s00213-012-2727-8
http://www.ncbi.nlm.nih.gov/pubmed/22592902
https://doi.org/10.1016/j.psyneuen.2013.05.005
http://www.ncbi.nlm.nih.gov/pubmed/23764194
https://doi.org/10.1016/j.pnpbp.2019.109791
https://doi.org/10.1016/j.pnpbp.2019.109791
http://www.ncbi.nlm.nih.gov/pubmed/31676462
https://doi.org/10.1007/s00213-012-2846-2
http://www.ncbi.nlm.nih.gov/pubmed/22926005
https://doi.org/10.1038/s41386-021-01024-3
http://www.ncbi.nlm.nih.gov/pubmed/33972695
https://doi.org/10.1016/j.bpsgos.2025.100519
http://www.ncbi.nlm.nih.gov/pubmed/40612023
https://doi.org/10.1037/pha0000358
http://www.ncbi.nlm.nih.gov/pubmed/32105136
https://doi.org/10.1016/j.drugalcdep.2021.108562
http://www.ncbi.nlm.nih.gov/pubmed/33556658
https://doi.org/10.2174/1874473711205040002
http://www.ncbi.nlm.nih.gov/pubmed/23062106

