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ABSTRACT

BACKGROUND: Disruptions in the decision-making processes that guide action selection are a core feature of many
psychiatric disorders, including addiction. Decision making is influenced by the goal-directed and habitual systems
that can be computationally characterized using model-based and model-free reinforcement learning algorithms,
respectively. Recent evidence suggests an imbalance in the influence of these reinforcement learning systems on
behavior in individuals with substance dependence, but it is unknown whether these disruptions are a
manifestation of chronic drug use and/or are a preexisting risk factor for addiction.

METHODS: We trained adult male rats on a multistage decision-making task to quantify model-free and model-based
processes before and after self-administration of methamphetamine or saline.

RESULTS: Individual differences in model-free, but not model-based, learning prior to any drug use predicted
subsequent methamphetamine self-administration; rats with lower model-free behavior took more methamphetamine
than rats with higher model-free behavior. This relationship was selective to model-free updating following a
rewarded, but not unrewarded, choice. Both model-free and model-based learning were reduced in rats following
methamphetamine self-administration, which was due to a decrement in the ability of rats to use unrewarded
outcomes appropriately. Moreover, the magnitude of drug-induced disruptions in model-free learning was not
correlated with disruptions in model-based behavior, indicating that drug self-administration independently altered
both reinforcement learning strategies.

CONCLUSIONS: These findings provide direct evidence that model-free and model-based learning mechanisms are
involved in select aspects of addiction vulnerability and pathology, and they provide a unique behavioral platform for
conducting systems-level analyses of decision making in preclinical models of mental illness.

Keywords: Computational psychiatry, Dopamine, Drug addiction, Methamphetamine, Model-based reinforcement

learning, Model-free reinforcement learning
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Humans and animals with substance dependence chronically
exposed to drugs of abuse have difficulties in making adaptive
flexible choices (1-3). A shift in the control of behavior from
goal directed to habitual and, ultimately, to the compulsive
behavior that has been hypothesized to underlie addiction
(4-6) may be the consequence of drug-induced disruptions in
the multiple reinforcement learning (RL) systems that guide
decision making. Identification of the RL systems that are
disrupted by drugs of abuse may be of critical importance for
understanding the pathophysiology of addiction, and it re-
quires decision-making tasks that can simultaneously char-
acterize multiple RL strategies within the same individual.

A multistage decision-making (MSDM) task was developed
to quantify the degree to which decision making was being
influenced by retrospective evaluations of past choices and
outcomes (known as model-free RL) and/or by prospective
evaluations of future outcomes (known as model-based RL) in
healthy individuals (7,8) and in individuals with mental iliness
(9,10), including addiction (11). It has been argued that the
abnormal behaviors in this task observed in individuals with

substance dependence reflect a loss of model-based control
over behavior (11). However, it also possible that the pattern of
decision making observed in individuals with addiction reflects
an amplification of the model-free system or even reflects
disruptions in both model-free and model-based processes.
Nevertheless, an understanding of how these learning systems
are affected by chronic drug use has not been fully elucidated.
Moreover, the influence of these learning systems on the
pathogenesis of drug-taking behaviors is unknown. Inflexible
choice behavior that exists prior to any drug exposure could be
causally related to components of addiction propensity. Thus,
a longitudinal and quantitative analysis of model-free and
model-based learning is needed to determine whether the
learning systems mediating drug-taking behaviors differ from
those modified by drug use.

We have recently developed a translationally inspired
variant of the MSDM task for use in rodents (12) that is capable
of independent and longitudinal examination of model-free and
model-based behavior. Here, we assessed decision making in
rats before and after methamphetamine self-administration to
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determine the precise roles of model-free and model-based
processes in the pathophysiology of addiction-like behaviors.

METHODS AND MATERIALS

Subjects

Male Long-Evans rats (N = 60) were obtained from Charles
River Laboratories (Raleigh, NC) at approximately 6 weeks of
age.

MSDM Task

Rats were trained to make operant-based choices in an MSDM
task that was designed to parallel the MSDM task used in
humans (Figure 1A). The training protocol has been described
in detail elsewhere (12). At the beginning of each trial (state sa),
rats were presented with two spatially distinct lever operandi.
Responses on either of the two levers led to one of the two
states (sg or sg), each corresponding to the illumination of one
pair of port apertures (i.e., left lever response — ports 3 and 4;
right lever response — ports 1 and 2). Entry into an illuminated
port was probabilistically reinforced using an alternating block

schedule (Figure 1A, bottom) with the delivery of a single su-
crose pellet.

Rats were trained initially on a version of the MSDM task in
which choices in the first stage (sa) deterministically led to the
second stage state (referred to as the deterministic MSDM
task) (Supplemental Figure S1) to ensure that they understood
the structure of the task (see Supplement). Decision making
was then assessed on a probabilistic version of the MSDM
task where first-stage choices stochastically led to second-
stage states (Figure 1A). In the probabilistic MSDM task,
choice of one first-stage option (e.g., sa) predominantly (70%)
led to the illumination of the same second-stage state (e.g., sg
or s¢) that was deterministically assigned to that first-stage
choice in the deterministic MSDM task (referred to as a com-
mon transition). On a limited number of trials (30%), however,
first-stage choices led to the illumination of the second-stage
state most often associated with the other first-stage choice
(referred to as a rare transition). Second-stage choices were
reinforced using the same alternating schedule that was used
in the deterministic MSDM task (Figure 1A, bottom). Sessions
terminated when rats completed 300 trials or 90 minutes had
lapsed, whichever occurred first. Rats completed five sessions
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Figure 1. Decision making in the rodent muItistage decision-making (MSDM) task. (A) Decision making was assessed on a probabilistic MSDM task that
paralleled the structure of the human MSDM task (7). (B) The probability of staying with the same first-stage choice based on the previous trial outcome
(rewarded vs. unrewarded) and the state transition (common transition: open bars; rare transition: gray bars) in theoretical data for a pure model-free agent
(left), a pure model-based agent (middle) or an agent using a mix of each strategy (right) in the probabilistic MSDM task. (C) The probability of staying with the
same first-stage choice based on the previous trial outcome (rewarded vs. unrewarded) and the state transition (common transition: blue bars; rare transition:
red bars) in the probabilistic MSDM task. (D) The regression weights for the logistic regression model analyzing choice behavior in the probabilistic MSDM
task. The weight of the outcome predictor (orange bar) represents the strength of model-free learning, while the transition-by-outcome interaction predictor
(purple bar) represents the strength of model-based learning. (E) Diagram of the experimental design, with the number of days rats spent in each experimental
phase presented below. reg coeff, regression coefficient.

Biological Psychiatry June 1, 2019; 85:936-945 www.sobp.org/journal 937


http://www.sobp.org/journal

Biological
Psychiatry:
Celebrating
50 Years

in the probabilistic MSDM task, and trial-by-trial data were
collected for the computational analyses described below.

Five days following the self-administration sessions, deci-
sion making was reassessed in the deterministic MSDM task
for five sessions in a drug-free state to ensure that exposure to
methamphetamine did not disrupt understanding of task
structure. Decision making was then reassessed in the prob-
abilistic MSDM task for five additional sessions.

Drug Self-administration

Rats (N = 50) were implanted with intrajugular catheters
following testing in the MSDM task and were trained to self-
administer methamphetamine (0.05 mg/kg/infusion; n = 40) or
saline (n = 10) in 6-hour daily sessions for 14 days (Supplement).
Rats then underwent forced abstinence for 5 days and were
subsequently retested in the MSDM task in a drug-free state.

Data Analysis

Logistic Regression. The trial events that influenced first-
stage choices in the MSDM task before and after self-
administration were analyzed using a logistic regression
model that estimated the likelihood that rats would choose the
same first-stage choice based on previous trial events, namely
the probability of staying, or p(stay) (Supplement). The model
used to analyze choice data in the deterministic MSDM task
contained the following predictors: “correct,” which coded for
first-stage choices that most frequently lead to the highest
reinforced second stage; and “outcome,” which coded for the
outcome of the previous trial. The model used to analyze choice
data in the probabilistic MSDM task contained the following
predictors: correct; outcome; “transition,” which coded for
whether the previous state transition was common or rare; and
the interaction between transition and outcome. Within this
model, the regression coefficient applied to outcome quantifies
model-free behavior, and the regression coefficient applied to
the transition-by-outcome interaction quantifies model-based
behavior.

Choice data in the deterministic MSDM task were also
analyzed using a simpler logistic regression model that esti-
mated the likelihood that rats would repeat the same
first-stage choice based on whether the previous trial was
rewarded or unrewarded [(13); see also Supplement]. This
second logistic regression, unlike the first one, permitted an
independent analysis of how each trial outcome (rewarded or
unrewarded) influenced first-stage choices.

RL Algorithm. Both model-free and model-based learning
were also characterized using an RL algorithm (12) that leveraged
the strength of the model-based algorithm proposed by Daw
etal. (7) with amodel-free algorithm (14). This model, describedin
the Supplement, contained a free parameter estimating the
weight of model-based learning (Bymg) and a different free
parameter estimating the weight of model-free learning (Gur).

Characterizing Latent Drug-Taking Phenotypes. The
number of drug infusions each rat earned across the 14 days of

self-administration were fit with a power function:

f(x) = A*XB,
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where x is the session number during the self-administration
procedure (1 = x = 14) and A and B are free parameters
estimating the scaling factor and rate of growth, respectively.
Specifically, the A parameter determines the initial strength of
the drug-taking behavior, that is, A = f(1). Rats with higher A
values self-administered more methamphetamine initially
compared with rats with lower A values (Supplemental
Figure S4). The B parameter determines the growth of the
function; rats with higher B values increased the number of
methamphetamine infusions self-administered at a higher rate
than rats with a low B parameter across the self-administration
sessions (Supplemental Figure S4).

Statistical Analyses. Statistical analyses were conducted
using SPSS (version 25; IBM Corp., Armonk, NY) and R
(https://www.R-project.org) and are described in detail in the
Supplement.

RESULTS

Assessing Model-Free and Model-Based Learning
in Rats

Decision making was assessed in the MSDM task. Data from
the deterministic MSDM task are described in Supplemental
Figure S2. Choice data in the probabilistic MSDM task
(Figure 1A) were examined by calculating the probability that
rats would repeat the same first-stage choice according to the
outcomes received (rewarded or unrewarded) and the state
transition experienced (common or rare) on the immediately
preceding trial. According to model-free RL, the probability of
repeating the first-stage choice should be influenced only by
the previous trial outcome regardless of whether the state
transition was common or rare (Figure 1B, left). By contrast,
model-based RL posits that the outcome at the second stage
should affect the choice of the first-stage option differently
based on the state transition that was experienced (Figure 1B,
middle). Notably, evidence in humans (7) suggests that in-
dividuals use a mixture of model-free and model-based stra-
tegies in the MSDM task (Figure 1B, right).

Figure 1C plots the proportion of trials in which rats persisted
with the same first-stage choice as a function of the previous trial
outcome and state transition. This pattern of results is remark-
ably similar to that observed in humans (7). The logistic regres-
sion (Figure 1D) revealed that the main effect of outcome, which
is a measure of model-free learning, was significantly different
from zero (tsg = 13.14, p < .001; orange bars), indicating that rats
used second-stage outcomes from the previous trial to guide
their first-stage choices on the subsequent trial. The interaction
between outcome and transition, which is a measure of model-
based learning, was also significantly different from zero (tsg =
9.03, p < .001; purple bars), indicating that rats took the tran-
sition model into account when making their choices. These
results demonstrate that rats used both model-free and model-
based strategies when making decisions in the MSDM task.

The Roles of Model-Free and Model-Based Learning
in Addiction-Related Vulnerability

A diagram of the experimental design is presented in
Figure 1E. Across the 14 days of self-administration, the
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Figure 2. Model-free behavior predicts addiction-relevant behaviors. (A) The number of methamphetamine infusions earned in each 6-hour self-
administration session across the 14 days for individual rats (red lines) and the average of all rats (black dashed line). **p < .001 compared with the first
day of self-administration. See also Supplemental Figure S3. (B) The number of saline infusions earned in each 6-hour self-administration across the 14 days
for individual rats (gray lines) and the average of all rats (black dashed line). See also Supplemental Figure S3. (C) Methamphetamine self-administration data
were fit with a power function using maximum likelihood. Drug self-administration data for 3 individual rats are plotted in the red lines. The number of drug
infusions predicted by the fitted power function for these 3 rats is represented by the black lines. See also Supplemental Figure S4. (D) The number of drug
infusions taken across the self-administration sessions in rats with similar rates of escalation in drug use (e.g., B parameter) but with low (red; n = 8) or high
(pink; n = 8) values for the initial strength of drug reinforcement (e.g., A parameter). See also Supplemental Figure S4. (E) The number of drug infusions taken
across the self-administration sessions in rats with similar values for the initial strength of drug reinforcement (e.g., A parameter) but low (dark blue; n = 8) or
high (light blue; n = 8) rates of escalation in drug use (e.g., B parameter). See also Supplemental Figure S4. (F) The relationship between model-free behavior
(outcome regression coefficient) and the initial strength of drug reinforcement (A parameter). (G) The relationship between model-free behavior (outcome
regression coefficient) and the rate of escalation in drug use (B parameter). (H) The relationship between model-based behavior (transition-by-outcome
regression coefficient) and the initial strength of drug reinforcement (A parameter). (I) The relationship between model-based behavior (transition-by-outcome
regression coefficient) and the rate of escalation in drug use (B parameter). (J) The regression coefficients from the simple logistic regression indexing the
influence of the rewarded outcomes on current choice in rats with low (dark orange) or high (light orange) model-free behavior. **p < .01. (K) The regression
coefficients from the simple logistic regression indexing the influence of the unrewarded outcomes on current choice in rats with low (dark gray) or high (light
gray) model-free behavior. meth, methamphetamine; reg coeff, regression coefficient; Trans X Out, transition-by-outcome.

number of methamphetamine infusions earned in each 6-hour
session increased (x> = 303.94, p < .001) (Figure 2A and
Supplemental Figure S3), while the number of saline infusions
earned decreased (x%2 = 13.65, p < .001) (Figure 2B and
Supplemental Figure S3).

Drug-taking behavior was fit with a power function
(Figure 2C) to characterize individual differences in the initial
strength of drug reinforcement (A parameter) and escalation in
drug use (B parameter) (Supplemental Figure S4). The power
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function fit data from individual rats well (SE of the regression =
3.49) and explained nonoverlapping portions of the variance in
the total amount of methamphetamine infusions earned when
both parameters were included in a multiple linear regression
predicting the total infusions earned (R? = .97; A: B = .85, p <
.001; B: B = .94, p < .001). Therefore, the power function was
able to quantify latent drug-taking phenotypes that individually
explained unique portions of variance in overall patterns of
drug use.
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To Iillustrate this, self-administration data from rats with
different values for the initial strength of drug reinforcement
[low A values (n = 8): 18.51 = 0.62; high A values (n = 8): 26.54
+ 0.84; t14 = 7.73, p < .001] but with similar rates of escalation
in drug use [low B values (n = 8): 0.23 = 0.01; high B values
(n = 8): 022 = 0.02; t14 = 0.77, p = .46] are presented in
Figure 2D. Rats with higher values for the initial strength of
drug reinforcement self-administered methamphetamine in
higher amounts consistently across the 14 days of self-
administration compared with rats with lower values (high vs.
low A parameter: XZ = 56.74, p < .001); however, the rate of
escalation in drug use across the self-administration session
was similar between the groups (group X time: x® = 0.48, p =
.50). Drug self-administration data from rats with different rates
of escalation in drug use [low B parameter (n = 8): 0.15 =+
0.001; high B parameter (n = 8): 0.33 = 0.04; t14, = 5.04, p <
.001] but with similar values for the initial strength of drug
reinforcement [low A parameter (n = 8) = 23.40 = 0.75; high A
parameter (n = 8): 21.16 = 1.08; t14 = 1.72, p = .11] are pre-
sented in Figure 2E. Initially, rats with higher rates of escalation
self-administered similar amounts of methamphetamine
compared with rats with lower rates of escalation (high vs. low
B parameter: %2 = 2.49; p = .12). However, the increase in drug
self-administration across sessions was much larger in rats
with higher rates of escalation compared with those with lower
rates of escalation (group X time: x2 = 33.11, p < .001). These
results indicate that the power function accurately estimates
critical components of drug self-administration (6).

Next, we examined the predictive relationship of the model-
free and model-based estimates, which were measured prior
to any drug exposure, for the drug-taking phenotypes derived
from the power function. We found that the outcome coeffi-
cient (model-free behavior) accounted for a significant amount
of variance in the initial strength of drug reinforcement (R? =
.17, p = .02) (Figure 2F) but not in the rate of escalation in drug
use (R® = .04, p = .26) (Figure 2G) (Steiger’s Z test comparing
the correlation coefficients: Z = 1.21, p = .055). Rats with
weaker model-free behavior consistently self-administered
more methamphetamine than rats with higher model-free
learning across the 14 days of self-administration, but the
rate of escalation in drug use was similar between these
groups. The transition-by-outcome coefficient (model-based
behavior) did not explain a significant amount of variance in
either the initial strength of drug reinforcement (R® = .05, p =
.24) (Figure 2H) or rate of escalation (R* = .009, p = .60)
(Figure 21). These data demonstrate a select role of model-free
learning in the initiation of drug self-administration, which itself
has been found to predict addiction liability in humans (15,16).

To determine whether the relationship between model-free
behavior and initial strength of drug reinforcement was due
to differences in the influence of specific outcomes on current
choice, the regression coefficients from the simpler logistic
regression were compared between rats from the lower and
upper quartiles of the outcome regression coefficient distri-
bution. The influence of rewarded outcomes was significantly
greater in rats with high model-free behavior compared with
rats with low model-free behavior (t;4 = 3.75, p = .002)
(Figure 2J); however, the influence of unrewarded outcomes
was not different between these groups (t14 = 0.53, p = .61)
(Figure 2K). Therefore, variation in the initial strength of drug
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reinforcement may be mediated by preexisting differences in
reward-driven, model-free learning.

Drug-Induced Disruptions in Behavior in the
Deterministic MSDM Task

The logistic regression coefficients for choice behavior in the
deterministic MSDM task were not differently affected in rats
that self-administered saline versus those rats that served as a
control group for the intrajugular surgeries and operant training
(group X time for all predictors: zs < 1.05, ps > .29)
(Supplemental Figure S5), so they were combined and
collectively served as the comparison group. The p(correct |
Stage 1) or p(correct | Stage 2) in the deterministic MSDM task
was not differently affected in rats that had self-administered
methamphetamine compared with the control group (time X
drug: F151 = 0.75, p = .39) (Figure 3A, B, left). These results
indicate that methamphetamine self-administration did not
impair the ability of rats to understand the structure of the
multistage task and argue against nonselective, drug-induced
dysfunctions in operant behavior.

Nevertheless, additional analyses revealed some significant
group differences. For example, the probability of staying on
the same first-stage choice following an unrewarded trial was
differentially altered in rats exposed to methamphetamine
compared with control/saline rats (unrewarded group X time:
%? = 5.39, p = .02; methamphetamine time: %2 = 6.91, p = .009;
control/saline time: %2 = 0.47, p = .49) (Figure 3A, B, right). A
logistic regression analysis indicated that the influence of the
previous trial outcome on the current trial choice was reduced
in both groups following self-administration (control/saline
outcome X time: z = —3.40, p < .001; methamphetamine
outcome X time: z = —7.43, p < .001). This decrement, how-
ever, was significantly larger in rats that had self-administered
methamphetamine (outcome X time X drug: z = —2.12, p =
.02) (Figure 3C, D, left).

The simpler logistic regression model (17) indicated that the
likelihood that rats would repeat the same first-stage choice
following a rewarded trial was not differentially altered between
the experimental groups (drug X time X rewarded: z = 0.74,
p = .46). The likelihood that rats would persist with the same
first-stage choice following an unrewarded trial, however, was
increased following exposure to methamphetamine (drug X
time X unrewarded: z = 5.57, p < .001; time in methamphet-
amine group: z = 10.16, p < .001) (Figure 3D, right) but not
altered in the control/saline group (time in control/saline group:
z = 1.03, p = .30) (Figure 3C, right). Therefore, self-
administration of methamphetamine selectively disrupted the
ability of rats to use negative outcomes appropriately to guide
their decision making.

Drug-Induced Disruptions on Model-Free and
Model-Based Behavior in the Probabilistic MSDM
Task

Logistic regression applied to choice data from the probabi-
listic MSDM task revealed a significant drug X time X outcome
interaction (z = —2.27, p = .02) and a significant drug X time X
transition-by-outcome interaction z = —-1.93, p = .05)
(Figure 4A, B). These results suggest that both model-free and
model-based learning were decreased in rats following

Biological Psychiatry June 1, 2019; 85:936-945 www.sobp.org/journal
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Figure 3. Methamphetamine-induced disruptions in the deterministic MSDM task. (A) Left panel: The probability of choosing the first-stage option asso-
ciated with the highest reinforced second-stage option [p(correct | stage 1)] and the probability of choosing the highest reinforced second-stage option
[p(correct | stage 2)] in the saline/control rats before (open bars) and after (closed bars) self-administration. Right panel: The probability of choosing the same
first-stage choice based on the previous trial outcome (i.e., rewarded vs. unrewarded). Below: Scatter plots comparing these dependent measures before and
after the self-administration sessions for individual rats are presented below each bar graph, with the mean value represented by the blue symbol. (B) Left
panel: The probability of choosing the first-stage option associated with the highest reinforced second-stage option [p(correct | stage 1)] and the probability of
choosing the highest reinforced second-stage option [p(correct | stage 2)] in rats before (open bars) and after (closed bars) methamphetamine self-
administration. Right panel: The probability of choosing the same first-stage choice based on the previous trial outcome (i.e., rewarded vs. unrewarded).
Below: Scatter plots comparing these dependent measures before and after the self-administration sessions for individual rats are presented below each bar
graph, with the mean value represented by the red symbol. **p < .01. (C) The regression coefficient derived from the logistic regression models in control/saline
rats before (open bars) and after (closed bars) the self-administration sessions. Left: The regression coefficients from the logistic regression model examining
the influence of previous trial outcome on current choice. Right: The regression coefficients from the simple logistic regression model examining the inde-
pendent influence of rewarded and unrewarded outcomes on current choice. Below: Scatter plots comparing these dependent measures before and after the
self-administration sessions for individual rats are presented below each bar graph, with the mean value represented by the blue symbol. **p < .001. (D) The
regression coefficient derived from the logistic regression models in methamphetamine rats before (open bars) and after (closed bars) the self-administration
sessions. Left: The regression coefficients from the logistic regression model examining the influence of the previous trial outcome on current choice. Right:
The regression coefficients from the simple logistic regression model examining the independent influence of rewarded and unrewarded outcomes on current
choice. Below: Scatter plots comparing these dependent measures before and after the self-administration sessions for individual rats are presented below
each bar graph, with the mean value represented by the red symbol. **p < .001. reg coeff, regression coefficient.

exposure to methamphetamine compared with control/saline rank test: PBug: p = .003; Bur: p = .08) (Figure 4C, D and
rats. Similarly, methamphetamine-induced decrements were Supplemental Figure S6). Notably, the balance between
detected in the Byg and Byr parameter estimates derived from model-based and model-free learning measured by calculating
the hybrid RL model (control/saline Wilcoxon signed rank test: the angular coordinate between the outcome and transition-
Bme: p = .81; Bue: p = .33; methamphetamine Wilcoxon signed by-outcome regression coefficient, which reflects the relative
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Figure 4. Methamphetamine-induced disruptions in model-free and model-based behavior. (A) Regression coefficients from the logistic regression model
examining the influence of previous trial events on the likelihood of persisting with the same first-stage choice in the probabilistic multistage decision-making
(MSDM) task before (open bars) and after (closed bars) self-administration in control/saline rats. The relationships between regression coefficients before and
after self-administration for individual rats are presented below the bar graphs, with the mean value represented by the blue symbol. See also Supplemental
Figure S6. (B) Regression coefficients from the logistic regression model examining the influence of previous trial events on the likelihood of persisting with
the same first-stage choice in the probabilistic MSDM before (open bars) and after (closed bars) self-administration in methamphetamine rats. The re-
lationships between regression coefficients before and after self-administration for individual rats are presented below the bar graphs, with the mean value
represented by the red symbol. **p < .001. See also Supplemental Figure S6. (C) The free parameter estimates of the weights of model-based learning
(Bme) and model-free learning (Byr) obtained from the hybrid reinforcement learning model characterizing choices in the probabilistic MSDM task before
(open bars) and after (closed bars) self-administration in control/saline rats. The relationships between these parameters before and after self-administration
for individual rats are presented to the right of the bar graphs, with the mean value represented by the blue symbol. See also Supplemental Figure S6.
(D) The Bug and Pyr estimates obtained from the hybrid reinforcement learning model characterizing choices in the probabilistic MSDM task before (open
bars) and after (closed bars) self-administration in methamphetamine rats. The relationships between these parameters before and after self-administration
for individual rats are presented to the right of the bar graphs, with the mean value represented by the red symbol. **p < .01; #p = .08. See also
Supplemental Figure S6. (E) The relationship between the change (before-after self-administration) in the model-free regression coefficient (e.g., outcome)
and the change in the model-based regression coefficient (e.g., transition-by-outcome) in control/saline rats. See also Supplemental Figure S7. (F) The
relationship between the change (before-after self-administration) in the model-free regression coefficient (e.g., outcome) and the change in the model-
based regression coefficient (e.g., transition-by-outcome) in methamphetamine rats. See also Supplemental Figure S7. A, change; reg coeff, regression
coefficient; Trans X Out, transition-by-outcome.

the model-based behavior in either control/saline rats
(re = —.21, p = .40) (Figure 4E) or methamphetamine-exposed

weighting of model-free and model-based strategies, was not
affected by methamphetamine self-administration (o > .53)

(Supplemental Figure S7). This suggests that exposure to
methamphetamine did not shift the balance of model-free and
model-based influences on behavior but rather disrupted both
strategies to a similar degree.

We then examined whether the drug-induced changes in
model-free and model-based learning systems were correlated
across rats. Difference scores were calculated by subtracting
the coefficients measured before self-administration from
those measured after self-administration for the outcome and
transition-by-outcome coefficients. The difference in model-
free behavior was not significantly related to the difference in

942

rats (rs = —.07, p = .70) (Figure 4F). The fact that efficacies of
these two learning systems can be adjusted independently
suggests that they might not always be in direct competition,
as suggested previously (18,19).

DISCUSSION

These data demonstrate that model-free and model-based
decision-making processes are involved in distinct aspects of
methamphetamine self-administration. Using a novel variant of
the MSDM task that parallels that used in humans, we report
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that model-free, but not model-based, behavior predicts
methamphetamine-taking behaviors in rats. Moreover, the
predictive relationship between model-free behavior and sub-
sequent drug self-administration appeared specific to model-
free updating following a rewarded trial, suggesting that
individuals with low reward-based, model-free updating may be
more vulnerable to developing an addiction. Methamphetamine
self-administration disrupted the ability of rats to use negative
outcomes appropriately, a finding consistent with our previous
work using experimenter-administered methamphetamine (20),
and consequently decreased both model-free and model-
based behaviors. Together, these results indicate that the
latent decision-making processes that influence the initiation of
drug self-administration differ from those that are affected by
chronic drug use and provide a novel framework for disen-
tangling the neurobiological mechanisms involved in addiction
vulnerability from those involved in addiction pathology.

Reward-Driven, Model-Free Updating Predicts
Addiction-Related Measures

We and others have hypothesized that preexisting disruptions
in decision making may be a risk factor for subsequent drug-
taking behaviors (21-23). The current study provides direct
evidence to support this hypothesis. Model-free behavior
predicted methamphetamine-taking behaviors such that rats
with weak model-free behavior consistently self-administered
more methamphetamine than rats with stronger model-free
behavior. By contrast, model-based learning did not predict
subsequent drug-taking behaviors, suggesting a unique pre-
dictive role of the model-free system in mediating drug rein-
forcement. Notably, the predictive relationship between
model-free behavior and drug self-administration was due to
differences in reward-mediated model-free learning, suggest-
ing that dysfunction in reward-based, model-free computa-
tions prior to any drug use may be a predictor of initial
drug-taking behaviors (24,25).

The negative relationship between initial drug reinforcement
and model-free learning observed here may be because rats
with disruptions in reward-based, model-free updating are less
sensitive to the reinforcing effects of methamphetamine and,
consequently, consume greater amounts of drugs. Alterna-
tively, deficits in model-free updating could be associated with
heightened drug reinforcement that results in greater drug self-
administration. Nevertheless, there is evidence in humans that
the initial response to drugs of abuse predicts the likelihood of
developing substance dependence later in life (15,16). The A
parameter—which quantifies initial drug reinforcement—may
represent an early addiction vulnerability phenotype. Ongoing
studies using the power function to characterize self-
administration behavior are examining how variation in initial
drug reinforcement (A parameter) predicts the development of
other addiction-relevant behaviors such as drug reinstatement,
extinction, and resistance to punishment to examine this
hypothesis.

Model-Free and Model-Based Learning Are
Disrupted by Chronic Drug Use

Compulsive drug use has been proposed to be the behav-
ioral manifestation of drug-induced disruptions of the model-

based system that lead to a dominance in model-free control
over behavior (26). The results described here argue against
this hypothesis. Both model-free and model-based behaviors
were reduced in rats following methamphetamine self-
administration, and the reductions were not due to re-
ductions in motivation, understanding of state transitions,
motoric function, differences in operant training, or drug self-
administration (Supplement). Moreover, the magnitudes of
drug-induced changes in model-free and model-based
learning were not related to each other, indicating that
these learning systems are independently disrupted by
methamphetamine. One potential limitation of the current
study is that the differences observed between control and
methamphetamine rats was due to the experience of operant
training and not specific to the drug. However, this seems
unlikely because no differences were observed between the
rats that had self-administered saline and received additional
operant training and those that served as the surgery control
and did not receive additional operant training (Supplemental
Figure S5).

The lack of a relationship between drug-induced changes
in model-free and model-based learning is important because
previous studies in humans have characterized model-free
and model-based learning with a single parameter (w)
derived from RL models, which reflects the relative weighting
of these two strategies (7). Methamphetamine-dependent in-
dividuals have lower « values compared with healthy con-
trols, which has been interpreted as a loss of model-based
behavioral control hypothesized to be the consequence of
chronic drug use (11). However, measures that index the
relative weighting of model-free and model-based learning
can conceal independent differences and/or changes in these
RL strategies. Indeed, the relative weighting of model-free
and model-based strategies was not disrupted following
methamphetamine self-administration despite observing a
diminution in both model-free and model-based learning
(Supplemental Figure S7). The use of these weighting pa-
rameters to characterize these RL systems may, therefore,
obfuscate the behavioral processes that are disrupted in
mental illness.

Although our MSDM task was developed to emulate the
MSDM task used in humans, differences between these
paradigms may have contributed to discrepancies in the
relative weighting of model-free and model-based strategies
between the current study and that reported by Voon et al.
(11). For example, choice behavior of rats was reinforced with
the primary reinforcer food, while humans are reinforced with
secondary reinforcers. Another apparent difference is the
schedule of reinforcement used in rats compared with
humans. In humans, choices in the MSDM task are often
reinforced using a schedule that gradually changes across
trials through random walk, which may recruit different bio-
behavioral mechanisms from those recruited by the alter-
nating block schedule. We have previously reported,
however, that model-free and model-based regression
coefficients from these two schedules are correlated in
drug-naive rats [Groman et al. (12)]. Whether the drug-
induced deficits observed here would manifest differently if
choices had been reinforced in a random walk schedule is
unknown. Alternatively, the lower w parameter observed in
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methamphetamine-dependent individuals might be due to a
lack of sensitivity in the analytic approaches used in that
study [see supplemental data in Voon et al. (11)], which could
be revealed using more precise computational analyses such
as those reported here.

Dysfunction of these RL systems may be the mechanism by
which core features of addiction emerge. For example, the
persistence of drug use that occurs regardless of the negative
consequences associated with drug use may be due to dis-
ruptions in action-value updating following negative feedback,
as found in the current study and previously observed in
substance-dependent individuals (27-30). In addition, the
persistent use of drugs regardless of the positive outcomes
associated with abstinence may be due to inaccurate evalua-
tions about future outcomes that bias individuals to choose
immediate reinforcement such as drugs. Disruptions in these
RL processes may, therefore, be the mechanism by which
executive processes are impaired in stimulant-dependent
populations.

In summary, the current study demonstrates that model-
free RL predicts drug self-administration but that both
model-free and model-based RL are impaired following
chronic methamphetamine self-administration. Our data sug-
gest that addiction vulnerability may be mediated by preex-
isting differences in reward-driven, model-free learning,
whereas the drug-induced decision-making deficits are due to
disruptions in model-based and model-free computations
related to unrewarded outcomes. Therefore, the compulsive
behaviors observed in individuals with addiction are likely to be
the consequence of both preexisting aberrant model-free RL
and drug-induced dysfunction of model-free and model-based
systems.
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