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Levodopa boosts hippocampal activity and strengthens generalizable
rule representations in prefrontal cortex during the inference of meaning
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Abstract

Dopamine has long been implicated in a variety of higher-order cognitive functions, including language
processing. However, the neural processes and representations by which dopamine influences
language processing remain unclear. Here we show that administration of levodopa to young healthy
volunteers (n = 70, 47 females) boosts hippocampal processing and neural representations of
generalizable abstract rules for successful inference of novel word meaning. We used a novel
experimental paradigm that required participants to build new artificial word meanings by inferring
and applying abstract affixation rules. A repetition suppression procedure was combined with
multivariate representational similarity analyses to isolate the neural locus of both the abstract rules
required for the compositional inference process, as well as the novel word meaning representations
that were composed based on these abstract rules. Levodopa modulated not only inference-related
signals in the hippocampal formation, but also abstract rule representations in the medial frontal
cortex. These results support the hypothesis that dopamine boosts hippocampal activity and
strengthens prefrontal representations of abstract rules when building novel meaning.

Significance statement

Dopamine has long been implicated in a variety of higher-order cognitive functions, including language
processing. However, the neural processes by which dopamine boosts language processing have
remained unclear. Here we show that administration of levodopa to young healthy volunteers
enhances hippocampal activity and strengthens prefrontal representations of generalizable abstract
rules when building novel word meanings.
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Introduction

Dopamine has long been implicated in a wide variety of high-level cognitive functions,
including working memory, rule learning and cognitive flexibility (Cools et al., 2002; Deserno et al.,
2021; Valentin et al., 2016; Wunderlich et al., 2012), and drugs that increase dopamine are well known
to have cognitive enhancing effects (Berridge & Devilbiss, 2011; Cools & D’Esposito, 2011; Husain &
Mehta, 2011; Sahakian et al., 2015). Such enhancing effects are often attributed to increases in
dopamine receptor stimulation in the prefrontal cortex (PFC), which have been shown to boost the
gain of abstract rule representations in working memory (Braver & Cohen, 1999; Cools, 2016;
Durstewitz et al., 2000; Ott & Nieder, 2019; Servan-Schreiber et al., 1990).

A separate literature has shown that dopamine can also enhance language processing
(Copland et al., 2009; Kischka et al., 1996; Tan & Hagoort, 2020). However, the neural processes and
representations that underlie these effects on language processing are unclear. The present study
begins to elucidate these by focusing on the contribution of dopamine-related strengthening of
generalizable, abstract rule representations to a particularly important feature of language processing:
the inference of meaning. To study this contribution, we scanned a group of healthy participants after
intake of placebo or the precursor of dopamine, levodopa, while they completed a task that enabled
assessment of novel word meaning inference.

The inference of meaning relies on the generalization of abstract rules that define the
relational structure between different linguistic elements that together constitute a word, a sentence,
or a story (Frankland & Greene, 2020a). For example, we can infer the meaning of a word we have
never previously heard, like ‘un-google-able’, because we can generalize and apply the abstract affix
rule that the placement of ‘un’ before a word negates its meaning (Tamminen et al., 2015). Outside
the domain of language, the ability to construct novel concepts, plans, memories or decisions based
on generalizing abstract relational structures is well accepted to implicate the (heavily dopamine-
innervated) PFC (Miller & Cohen, 2001; O’Reilly, 2006; Russin et al., 2020). Specifically, studies in the
domain of relational memory and goal-directed behaviour have highlighted a key role for circuits
connecting the (medial) PFC with structures in the medial temporal lobe, including the hippocampus
and entorhinal cortex, in the generalization of relational structures for novel inference (Barron et al.,
2013; Elston & Wallis, 2025; Knudsen & Wallis, 2021; Kurth-Nelson et al., 2023; Schwartenbeck et al.,
2023). Accordingly, we hypothesized that abstract rule-based inference of novel word meaning
involves dopaminergic modulation of regions in the ‘relational memory’ network (including the
hippocampal formation and the medial PFC), as well as the language network and the striatum (where
dopamine receptors are most abundant) (Forkel & Hagoort, 2024; Zheng et al., 2025). In keeping with
the proposed core role of fronto-hippocampal circuitry in the dopaminergic modulation of meaning
inference, accumulating evidence implicates interactions between the dopaminergic midbrain and the
hippocampal formation in the composition of novel concepts (Barron et al., 2020; Kahnt & Tobler,
2016; Shohamy & Wagner, 2008).

To test this hypothesis, we used an experimental procedure previously established to enable
detection of abstract rule representations for word meaning inference in lateral and medial PFC
(zheng, et al., 2025; Zheng, et al., 2024). After oral ingestion of either 150mg of levodopa or a placebo,
participants generalized abstract affixation rules to infer new artificial compositional words on the fly.
By combining fMRI repetition suppression and representational similarity analyses, we revealed how
abstract rules and word meanings are represented and inferred as a function of levodopa. In line with
our hypothesis, administration of levodopa modulated the hippocampal formation during the
compositional inference process. Critically, levodopa also increased the strength of the abstract rule
representations in the superior medial PFC. This observation suggests that levodopa boosts neural
activity related to hippocampal inferential processing and prefrontal representations of abstract rules
when building novel meaning.

Materials and Methods
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Participants

We recruited 70 healthy native Dutch speakers (47 women and 23 men, mean age = 25.4
years, SD = 6.8) to participate in the study. All participants provided written informed consent before
taking part and were reimbursed 100 euros for their time. Participants were recruited via the Radboud
University electronic database for research participants and via flyers around Nijmegen. The study was
part of a bigger protocol that included additional tasks reported in a separate paper (Figure S1). The
study was approved by the local ethics committee (CMO 2022-13817 Oost-Nederland) and conducted
in accordance with the Declaration of Helsinki.

The study was preregistered at https://aspredicted.org/hy838.pdf. The sample size was
based on a G-power analysis that indicated that 90 participants would be required to detect a medium
between-group (independent t-test) effect size (d = .60), given a power of 0.80 and an alpha of 0.05
(tail(s)=2, allocation ratio N1/N2=1). We reasoned this would be a conservative approach, given that
previous studies of levodopa’s effects on higher cognitive functions had reported a medium or larger
effect size (Copland et al., 2003; Wunderlich et al., 2012). Due to the expiration of the research grant
and employment contracts, the study had to be closed prior to reaching the pre-registered number.
Based on the final sample of 70 participants (levodopa n = 34; placebo n = 36), the between-subject
effect sizes we can detect need to be larger than .68 (tail(s)=2, with an independent t-test, 0.8 power,
0.05 alpha).

Participants were screened for reported history of neurological, psychiatric or any other
current medical conditions, in addition to being right-handed, Dutch native speakers and between 18
and 45 years old. A list of all the inclusion and exclusion criteria is presented as Text S1. Furthermore,
the two treatment groups (placebo and levodopa) did not differ significantly in terms of age, body
mass index, verbal 1Q, anxiety, impulsivity, burnout and depression (Table 1). Surprisingly, the
levodopa group exhibited increased ratings on the reward sensitivity questionnaire (Behavioural
activation scale, Carver & White 1994), which was administered prior to drug administration.
However, this difference in reward sensitivity between treatment groups did not reach significance
after correction for multiple comparison. Moreover, control analyses revealed the effects of interest
reported below to remain significant after controlling for individual differences in reward sensitivity
(Figure S2).

Of the included 70 participants, six failed to meet the task performance criterion (described
in Behavioural data analysis) and one was excluded due to motion artifacts in the fMRI data. This
resulted in a total of 63 participants of whom 29 were administered levodopa and 34 placebo. Eight
participants were further excluded from the fMRI multivariate pattern analysis (described in fMRI
multivariate analysis), due to an error in the randomization script (explained in fMRI univariate
analysis). This specific analysis was thus performed on 55 participants, of which 25 belonged to the
levodopa group and 30 to the placebo group.

Study procedure

The study employed a double-blind, between-subject design. A detailed description of all the
measurements collected is presented in Figure S1. All participants attended two sessions
approximately 10 days apart: a screening session and a pharma(cological) session in which they took
the drug or placebo (Figure 1a).

The experimental paradigm of interest consisted of three phases: 1) learning phase; 2)
inference phase; 3) post-test phase. In the screening session, participants completed only the first
phase of the task. In the pharma session, participants completed all three phases of the task.

In the learning phase, participants were shown compositional pseudo-words. These pseudo-
words consisted of a known (non-artificial) stem and an artificial affix (e.g., “goodkla”) and they were
shown together with their meaning (e.g., “bad”) (Figure 1b). This phase allowed participants to infer
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generalizable affix rules for composing artificial word meaning based on exemplars. In the inference
phase, participants applied these rules to novel pseudo-words (e.g., “whitekla”) to infer their meaning
on the fly (e.g., “black”) (Figure 1c). This phase was completed during fMRI and allowed us to assess
the inferential processes and the representations of word meanings and affix rules. In the post-test
phase, participants had to write down the meaning of the pseudo-words seen in the inference phase.
This allowed us to quantify the degree to which word meaning inference was successful (Figure 1d).

During the screening session, participants were screened for inclusion and exclusion criteria.
They also performed in the first learning phase of the task. Furthermore, we collected a baseline
measure of working memory capacity using the (forward and backward) digit span (Groth-Marnat,
1997), to assess whether the levodopa and placebo group were matched in terms of working memory
capacity. There was no significant difference between the two treatment groups (Text S4).

Between the screening session and pharma session, participants completed a set of
questionnaires at home for demographic information. This information confirmed the absence of
significant differences between treatment groups such as age, body mass index, verbal 1Q, anxiety,
impulsivity, burnout and depressive symptoms (Table 1).

In the pharma session, participants first performed a shorter version of the same learning
phase to refresh their memory of the learned pseudo-words. Subsequently, they ingested the drug:
either levodopa (150mg levodopa /37.5mg benserazide; Madopar, Roche) or placebo. Levodopa is a
dopamine precursor known to pass the blood-brain barrier and to increase dopamine brain levels.
After approximately 28 minutes (SD = 7) from drug intake, participants completed the inference phase
while undergoing fMRI. Drug administration timing was optimized for the peak drug effect during this
phase (after about 30 minutes up to two hours) (Iwaki et al., 2015). To standardize drug absorption
across individuals, participants were instructed not to eat for up to two hours prior to arrival.

Right after exiting the scanner, participants performed a second digit span to assess drug
effects on working memory capacity. The list of numbers during this digit span differed from the one
administered in the screening session. There were no significant drug effects (Text S4). At the end of
the pharma session, we tested participants’ knowledge of the meaning of the novel pseudo-words
with the post-test phase.

Across the pharma session, we monitored medical symptoms (Maatta et al., 2021) and
subjective states (Bond & Lader, 1974) at different time points. There were no significant effects of
treatment group on any of the medical symptoms and mood measures ratings (Text S2).

Across the pharma session, we further assessed arousal and motor invigoration using a finger
tapping task. The task consisted of pressing a button as quickly as possible with the right index finger
after hearing a tone (1000 Hz) (Knecht et al., 2004). We did not detect any difference in reaction times
between treatment groups (Text S5).

Finally, to validate and monitor the levodopa manipulation, we collected physiological
measures of diastolic and systolic blood pressure and heart rate at four time points across the pharma
session (Text S3).

Experimental material

The task paradigm and stimulus materials were identical to those used in Zheng et al. (2025), to allow
for comparison across studies. A complete list of the stimuli is presented in Table S1 and Table S2.
While the materials are here illustrated using English examples, the actual materials were in Dutch

In the learning phase, 30 pseudo-words were presented, consisting of a known stem and an
unknown affix (e.g., “good-kla”, “kla-dog”). Critically, the affix altered the meaning of the stem
depending on its position, according to an abstract rule (e.g., “-kla” as a suffix meant “the opposite”,
whereas “kla-” as a prefix meant “young version”). For the inference phase, a separate set of 30
pseudo-words (i.e., not presented in the first phase) was presented.

Overall, six abstract rules were selected. These rules were assigned to three affix forms that
were presented either as prefixes or as suffixes, so that the rule associated with the same affix form
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depended on its position as a prefix or suffix (e.g., “-kla” as a suffix meant “the opposite”, whereas
“kla-" as a prefix meant “young version”). To avoid fMRI effects being confounded by visual input, the
rule-affix form assignment was counterbalanced across participants. All the phases of the task were
presented using the software Presentation (Version 20.2, Neurobehavioural System Inc, Berkeley,
u.s.).

Learning phase

The learning phase required participants to learn the meaning of novel compositional pseudo-
words and was set up so that they could infer the rules (incidentally, not by instruction). During this
first phase, participants were shown the pseudo-words and the meaning of these words together with
a sentence example for a maximum of 15 seconds (learning block) (e.g., sentences were shown
“goodkla” means “bad” and “kladog” means “puppy”) (Figure 1b). After passively viewing all the
pseudo-words and the associated example sentences, their understanding and memory of these
words were probed (memory block). Here, they were shown a synonym meaning with four pseudo-
words and were asked to choose the matched pseudo-word. Importantly, the meaning of the pseudo-
words depended on the position of the affixes (abstract rules). Participants were never instructed
about these rules, but the rules were incidentally learned and generalized.

The learning and memory blocks in this first phase of the task consisted of thirty pseudo-words
(5 pseudo-words for each of the 6 rules, presented in pseudo-randomized order). Pairs of learning and
memory blocks were repeated four times in the screening session and twice in the pharma session.

Inference phase

After learning the pseudo-words, participants ingested the drug. Next, they performed the
inference phase in the scanner. The fact that the drug was administered after the learning phase
means that any drug effects cannot reflect modulation of rule inference, but must reflect modulation
of the application of rule-based inference of novel word meaning.

During this inference phase, participants were shown novel pseudo-words (“primes”) that
they had never seen in the learning phase. This phase therefore required inference on the fly.
Crucially, primes were designed to either create conflict or not based on the application of the abstract
rules to infer meaning depending on two conditions: 1) a congruent condition and 2) an incongruent
condition. In the congruent condition, the prime pseudo-word was congruent with the rule (e.g., for
“white-kla”, “-kla” as suffix means “the opposite”, and the opposite of white is “black” and congruent
with the rule). In the incongruent condition, the prime pseudo-word was not congruent with the rule
(e.g., for “kla-white”, “kla-” as a prefix means “young version”, and “young version of white” is
meaningless and incongruent with the rule).

Primes were always followed by “targets”, which were words with a known meaning. Targets
were always synonyms corresponding to the meaning of the congruent version of the prime (e.g., the
target “black” was presented after “white-kla” as well as “kla-white”). Across the inference phase,
participants were instructed to imagine the meaning of both the prime and target words when these
were presented on the screen.

The inference phase also included a control condition. In this control condition, the stems of
the primes were combined with alternative affixes, so that regardless of the position of affix (i.e., the
application of the rule), the meaning of the prime was most likely uninterpretable and not a synonym
of the target (e.g., ran-white = “the colour of” white / white-ran = “the extreme version of”; both are
uninterpretable and do not match the meaning of the target word “black”). The control condition was
relevant for: 1) identifying participants who failed to learn the abstract rules, because the meaning of
this condition pseudo-words is uninterpretable regardless of the affix position (see also Behavioural
data analysis; and 2) balancing the frequency of the affix positions across the inference phase. The
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interpretability of the pseudo-words in the three conditions was validated in a series of experiments
in an early study (Zheng, et al., 2024).

Overall, the inference phase entailed 2 blocks, each with 120 trials of prime-target pairs with
the conditions equally balanced across each block. Specifically, a block consisted of 30 congruent trials,
30 incongruent trials, 60 control trials for affix position (30 for pre/post affix position, like “white-ran”
or “ran-white”). Each prime was presented for 1.5 seconds with a jittered inter-trial interval displaying
“xxx” A prime was followed by a target shown again for 1.5 seconds, followed by a jittered inter-trial
interval displaying “+”. The jittered intervals were generated from a truncated exponential distribution
with a mean of 2.5 seconds. Importantly, all the pairs of prime and target were presented in a
pseudorandom order by: 1) repeating the same affix form or affix position on maximally three
consecutive trials; 2) repeating the same condition on maximally three consecutive trials; 3) repeating
the same stem at least five trials apart.

To ensure that participants paid attention and made use of the abstract rule to infer the new
meaning, a probe question was presented after the presentation of the target on 10% of the trials
(i.e., 24 probe trials per participant). These probe questions required participants to indicate whether
the meaning of the prime pseudo-word matched that of the target word. They responded by pressing
the left (“yes”) or the right (“no”) button on the button box. The probe questions stayed on the screen
for a maximum of 10 seconds or till participants responded.

Post-test phase

At the end of the pharma session, participants reported for every pseudo-word they saw in
the inference phase whether it was meaningful and, if so, what it meant (comprising all the 120 words
encountered in the congruent, incongruent and control condition). We further included the 30
pseudo-words encountered in the first learning phase as a sanity check of participants’ memory of the
instructed pseudo-words (instructed condition). At the end of the post-test, participants were
explicitly asked to write down the meaning of the three sets of affixes.

Behavioural data analysis

The behavioural data analysis pipeline in R (R core team, version 4.3.2) followed the one used
by Zheng and colleagues (2025). In both the inference and post-test phase, we performed generalized
mixed models (“Ime4”, Bates et al. 2015) to investigate condition and treatment group effects. In
these models, the optimizer was set to “bobyqa” and family to “binomial”. Significance of the main
effects were determined using the “afex” package (Singmann et al., 2016), while significance within a
factor was assessed using the Tukey’s test with “Ismeans” (Lenth, 2016). Linear regressions between
behavioural performance and fMRI BOLD responses in following analyses were performed using the R
package “stats”.

Learning phase

To assess whether participants learned the meaning of the pseudo-words in the learning
phase, we investigated participants’ accuracy in the pharma session. In this session, accuracy in the
last memory block of the learning phase was evaluated with a one-sided t-test for above chance level
accuracy (25%).

Inference phase

The ability to infer novel word meaning on the fly was assessed by investigating the effect of
congruence condition (congruent, incongruent, control) on the probability of ‘meaning match’
responses on the 10% probe trials. These match response rates were submitted to a generalized mixed
effects model to test the main effect of condition (congruent vs. incongruent vs. control) and its
interaction with treatment group (placebo vs. levodopa). Participants and items (grouped by the stem
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of the pseudo-words) were included as random effects. Treatment group was contrast coded relative
to the grand mean, while condition was dummy coded (with the congruent condition as baseline). It
should be noted that this phase design with only 8 probe trials per condition was optimized for
detecting neural effects, but not behavioural effects.

Post-test phase

Yes/no responses to the question “Is the [pseudo-word] meaningful?” and free responses to
the question “What does [the pseudo-word] mean?” were analysed to substantiate participants'
ability to infer the meaning of the novel pseudo-words (presented during the inference phase). To this
end, we first transcribed the written free responses as follows: 1) “Matching the synonym”; 2)
“Meaningless”; 3) “Creative”, if the answer was unexpected (e.g., when one consider a pseudo-word
“human-kla”, the opposite of human, to be “animal”); 4) “Unexpected but incorrect”, if the meaning
of the affix form were confused (e.g. if “warm-ran” was mistaken as “warm-kla” and the reported
meaning was “cold”, the opposite of warm). After transcription, we excluded the unexpected free
responses (3 and 4), which concerned an average across participants of 6.72% of the trials. Finally, in
order to calculate the mean proportion of ‘yes, meaningful’ responses and investigate treatment
group effects on the ability to correctly infer word meaning, we coded the “Matching the synonym”
and “Meaningless” as 1 and 0, respectively. The pseudo-words of the instructed condition, instead,
were transcribed as either “Matching the synonym (presented during learning phase)” and coded as
1, or “Wrong” and coded as 0.

Based on the post-test, a total of 6 participants were excluded from all analyses, because they
failed to learn and/or apply the affix rules to correctly infer the meaning of the pseudo-words (either
during the learning phase or during the key inference phase). Participants were excluded if they met
any of three criteria: (1) they judged more than 50% of control pseudo-words as meaningful (n = 1);
(2) they judged fewer than 50% of instructed pseudo-words as meaningful (n = 2); or (3) they judged
fewer than 50% of congruent pseudo-words as meaningful and failed to report at least one correct
rule in two of the three affixes (e.g., participants did not infer the meaning of the prefix “kla-” and
suffix “-run” for the affixes “kla” and “run” respectively) (n = 3).

Both the yes/no responses and the transcribed free responses were submitted to generalized
mixed effects models, with condition (congruent vs. incongruent vs. control) and treatment group
(placebo vs. levodopa) as (interacting) independent variables. Participants and the items (grouped by
the stem of the pseudo-words) were included as random effects, with condition as a random slope for
participants. Finally, condition was set to dummy coding (with the congruent condition as baseline),
while treatment group was set to contrast coding relative to the grand mean.

fMRI acquisition and preprocessing

MRI data were acquired using a 32-channel head coil on a 3T MAGNETOM PrismalFit] MR
scanner (Siemens AG, Healthcare Sector, Erlangen, Germany). A single Echo-Planar Imaging (EPI)
sequence with a multi-band acceleration factor of 4 was used to acquire 68 slices per functional
volume (voxel size: 2 x 2 x 2 mm; Repetition Time: 1500ms; Echo Time: 37ms; Flip Angle: 75°, Eco
spacing: 68ms). The first six volumes of each block were discarded to allow for scanner equilibration.
After the experimental part, a high-resolution structural image with 1x1x1 mm resolution was
acquired (MP-RAGE; Repetition Time: 2300ms; Echo Time: 3.03ms; Flip angle: 8°).

The visual stimuli during the inference phase were projected onto a screen via a computer
monitor. To respond to the probe trials, participants were given an MRI-compatible button box
positioned on their belly. They were instructed to respond with the index and middle finger of their
right hand.

MRI data quality control was performed using MRIQC 22.0.6. (Esteban et al., 2017). Means of
framewise displacement (both in mm and as a percentage of timepoints), temporal SNR, and DVAR
for functional images were computed per participant based on the image quality metrics. Blocks with
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any of these values larger than 3 SD from the group mean were excluded (or smaller than 3 SD for
temporal SNR).

MRI anatomical and functional data were preprocessed using fMRIprep 22.0.1 (Esteban et al.,
2019), following the steps specified in Text S6. The subsequent functional data analyses (including
spatial smoothing with a 6 mm full width half maximum three-dimensional Gaussian kernel) were
performed using SPM12 (Statistical parametric mapping, http://www.fil.ion.ucl.ac.uk/spm) on
MATLAB 2022b.

fMRI univariate analyses

First level

To test univariate fMRI effects, we implemented an event-related generalized linear model
(GLM) including 10 explanatory variables. Crucially, we modelled the BOLD responses to both prime
and target event onsets separately depending on the experimental conditions: congruent,
incongruent and control (separately for pre/post affix position, i.e. separately for “kla-” and “-kla”).
Two of the 10 explanatory variables were of no interest: the onset of the probe trials and the onset of
the motor responses to those probe trials. Additional nuisance regressors were included in the GLM
to account for motion-related artifacts obtained from fMRIprep (both rotation and translation in x, y,
and z; framewise displacement; the first five noise components calculated with an anatomical
component-based noise correction method, called CompCor; all cosine regressions). Finally, the two
blocks of the inference phase were modelled separately within the GLM. For 12 out of the 63
participants, we only analysed one of the two blocks (of the 12 participants: four could not complete
one of the blocks owing to technical errors or time constraints; for eight, there was an error in the trial
presentation file which led to an exclusion of half of the trials in each of the two blocks, corresponding
to a total of one block). The contrast images of the participants were then entered into a second-level
random effects analysis.

Second level

We first analysed the main task effects, averaged across treatment groups, to assess their
consistency with those reported in the previous fMRI study with this task (Zheng et al., 2025). These
analyses aimed to isolate the neural locus of (1) the inference process itself, and (2) the novel meaning
representations that were inferred based on abstract rules. Given that congruent pseudo-words were
behaviourally identified as meaningful more often than incongruent pseudo-words, we concluded that
participants applied the abstract rules (i.e., based on the position of the affix). Accordingly, the control
condition was not included in further analyses.

To isolate neural signalling related to the inference process, we compared BOLD signal change
at the time of congruent primes versus incongruent primes. To isolate neural representations of the
novel word meanings, we leveraged the phenomenon of fMRI repetition suppression. This
phenomenon relies on the fact that neuronal responses are suppressed upon repeated presentation
of stimuli to which they are sensitive (Barron et al., 2016). Specifically, we assessed putative repetition
suppression effects at the time of the outcome of the inference process (at target) by comparing BOLD
responses to a target (e.g., “black”) that followed a congruent prime (e.g., “white-kla”, which means
“black”) with BOLD response to exactly the same target (e.g., “black”) that followed an incongruent
prime (e.g., “kla-white”, which does not mean “black”). This repetition suppression effect is akin to
the well-known mismatch effect due to different expectations between congruent and incongruent
targets. The fact that the target presented was the same in all conditions (e.g., congruent condition:
the prime “withe-kla” is followed by the target “black”; incongruent condition: the prime “kla-white”
is followed by the target “black”) allowed us to control for repetition suppression effect related the
meaning of the prime stem (e.g. white) and the target (e.g. black).

Subsequently, the first-level contrast images of each participant were entered into a second-
level two-sample t-test (random effects) to compare treatment groups (levodopa vs. placebo). We
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assessed treatment group effects related to the inference process (at the time of the primes) and to
the outcome of the inference process (repetition suppression effects at the time of the targets).

Regions of interest

For treatment group effects only, we conducted targeted region of interest (ROI) analyses
using small volume correction (SVC) in: 1) the hippocampal formation (incl. hippocampus, entorhinal
cortex, and subiculum; anatomically defined mask from the Juelich histological atlas, with a
probabilistic threshold of 50%), given our a priori hypothesis about the role of the hippocampal
formation and dopamine in inference; 2) the striatum (incl. the caudate nucleus and putamen; from
the Harvard-Oxford cortical structural atlas), given the disproportionate abundance of dopamine
receptors in the striatum. These two ROIs were in line with our pre-registration. Exploratory analyses
further assessed effects within an anatomically defined mask of the left inferior frontal gyrus (left IFG;
Harvard-Oxford cortical structural atlas, with a probabilistic threshold of 30%). This exploratory ROI
(left IFG) analysis was motivated by the results from our previous study with this task (Zheng et al.,
2025), which were obtained after preregistration. These results showed prime- and/or target-related
(patterns of) activity in the left IFG (as well as the hippocampal formation and striatum).

Statistics

We evaluated the whole-brain effects as significant if they survived family-wise error (FWE) at
the cluster-level of p < .05 (with a cluster-defining threshold of .001 uncorrected). We evaluated the
results of SVC as significant if they survived family-wise error (FWE) correction at the peak-level of p <
.05 (with a cluster-defining threshold of .001 uncorrected). The reported anatomical labels are based
on the MNI space coordinates obtained with SPM12 from the Automated Anatomical Labeling (AAL)
atlas.

fMRI multivariate analyses

To decode the (effects of levodopa on the) neural representations of both the abstract rules
(e.g., “-kla” reverses the meaning of the stem word) and the newly inferred word meanings (“white-
kla” means “black”) at the time of the prime, we adopted a multivariate RSA approach (Kriegeskorte,
2008; Nili et al., 2014). Consider the pseudo-word “white-kla”: To infer its meaning, participants would
need to represent the rule (“-kla” means “the opposite of”). Moreover, provided successful inference,
they will also represent the inferred word meaning (“white-kla” means “black”). RSA allows us to
capture the relevant neural representations by computing the neural representational dissimilarity
matrices (RDMs) based on prime-related fMRI activity for each pseudo-word, analysed through a
whole-brain searchlight. We assessed whether these neural RDMs were explained by model RDMs
(see below) that capture the similarities between these pseudo-words as a function of either the rule
that was used to inferred them (by experimental design) or their inferred meaning (derived from a
word embedding model). Similar to the univariate analysis, the multivariate analysis focused on the
congruent and incongruent conditions.

Neural RDMs

To capture the multivariate activity patterns elicited by the prime pseudo-words (i.e., to
compute pairwise neural similarities between the different primes), we ran two GLMs. The first GLM
(named “congruent & incongruent RDM”) modelled the prime events and contained separate onset
regressors for each of the 30 pseudo-words regardless of whether they were congruent or incongruent
(e.g., a single onset regressor was used for both “white-kla” and “kla-white”). The second GLM (named
“congruent vs. incongruent RDM”) again modelled the prime events, but separately for the congruent
and the incongruent conditions (e.g., one onset regressor was used for “white-kla” and another one
for “kla-white”). Both GLMs contained one regressor for all the prime events in the control condition,
one regressor for all the target events, one regressor for the probe trials, and one regressor for the
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button presses (the last two were regressors of no interest). All regressors were convolved with a
canonical hemodynamic response function. Both GLMs included the same confound regressors as in
the univariate analysis. Each block was modelled separately within the GLMs. Subsequently, we
computed the neural RDMs for the 30 items at prime from the parameter estimate maps derived from
the GLMs described above. Pairwise correlation distance (one minus Pearson correlation coefficient)
was used as the distance metric. RSA was performed whole-brain using a searchlight approach with a
spherical searchlight (radius = 7 mm, approx. 180 voxels).

Rule model RDM

We further constructed a rule model RDM that captures the representations of the affix rules,
in which all pseudo-words ending with “-kla” are more similar to each other than the pseudo-words
with a different affix (e.g., “kla-”, “-ran”, or “ran-"). We reasoned that for brain regions where these
abstract affix rules are represented, their BOLD pattern should be best explained by the rule model.
For this rule model RDM, we considered a 30*30 binary-coded distance matrix where the rules are
either the same (e.g., “good-kla” and “short-kla”), or different (“good-kla” and “kla-dog”). It is worth
noting that while the rule model was designed to capture abstract rule representations, it may also

reflect affix-based similarity driven by the visual properties of the stimuli.

Meaning model RDM

We constructed a meaning model RDM that captures the representations of the newly
inferred word meanings, in which word meanings are arranged by their semantic similarities derived
from a word embedding model (e.g., “black”, derived from “whitekla”, is more similar to “dark” -
derived from “lightkla” - compared with “happy” - derived from “sadkla”). We reasoned that the
similarity of BOLD patterns in brain areas that represent the newly inferred word meanings (e.g.,
white-kla” means black) should reflect the semantic similarity of the composed words (e.g., “black”),
as derived from this meaning model. The meaning model RDM was constructed using the embedding
vectors for the 30 target words (e.g., “black” in “white-kla = black”) from a word embedding model
showed to best fit behavioural data (Mandera et al.,, 2017). Word embedding provides learned
representations in a vector space for text where words that have similar meanings have similar
representations. We calculated the pairwise Pearson correlation distance between the embeddings
of all target words and constructed a 30 *30 distance matrix for target meaning representations.

Alternative model RDMs

We further assessed two alternative models: one describing the similarity between the
meanings of the stems contained in the prime pseudo-words; the second one describing the visual
similarity of individual words based on pixel-wise Euclidian distance. These two alternative models
could not account for the patterns of activity derived from the meaning model RDM (Text S8).

Statistics

Firstly, within each searchlight sphere in each participant, we compared the model RDMs and
the neural RDMs using Kendall’s rank correlation. Both the searchlight of the neural RDMs and the
comparison with the model RDMs were performed using the MATLAB-based RSA toolbox (Nili et al.,
2014). For the congruent vs. incongruent neural RDM (which modelled separately the congruent and
the incongruent conditions), the relative correlation maps were further subtracted to compute the
difference between congruent and incongruent conditions.

Secondly, we analysed the main task effects (averaged across treatment groups) to assess
their consistency with those reported in the original fMRI study with this task (Zheng et al., 2025), by
submitting the resulting correlation coefficients to a one-sample t-test using SPM12 (i.e., contrasting
the obtained correlation against zero).
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Lastly, to assess the effects of treatment group, we submitted the correlation coefficients to
independent sample t-tests. Effects were tested for statistical significance using cluster-inference with
a cluster-defining threshold of p <.001 and whole-brain cluster-level FWE correction at p < .05.

Results

Novel word meaning inference was successful

We began by validating that the levodopa manipulation and the task manipulation were
effective. The levodopa manipulation was assessed by investigating physiological measurements,
medical symptoms and subjective states recorded at different time points during the pharmacological
session (see Text S2 and Text S3). The task manipulation was assessed by investigating participant
performance depending on task conditions (i.e., congruent, incongruent, control) in the learning
phase, the inference phase (in the scanner) and the post-test phase.

The levodopa manipulation was validated by establishing significant effects on diastolic blood
pressure measurements when drug levels peaked. This was shown by a significant interaction between
time points and treatment groups (mixed ANOVA: F(3) =3.72, p =.017) and relevant significant simple
main effects (right after exiting the MRI scanner: meanievodopa = 68.6, SDevodopa = 7.0; Meanpiacebo = 72.7;
SDplacebo = 8.2; 1(67) =-2.23, p =.029). The full report is presented in Text S3.

The task manipulation was validated by demonstrating that participants learned the abstract
rules and applied them to infer novel word meaning. This was firstly evident from the performance on
the memory blocks of the learning phase: These confirmed that participants learned the meaning of
the pseudo-words (mean proportion correct = 97%, SD = 5.5, t(69) = 71.49, p < .001). Secondly,
performance on the probe trials during the inference phase demonstrated that participants
successfully generalized the rules and correctly inferred the meaning of the novel pseudo-words
(congruent: mean = 88.5%, SD = 14.8; incongruent: mean = 28.0%, SD = 33.0; control: mean = 11.7%,
SD = 15.0). Specifically, the average rate of ‘meaning match’ responses was higher for the congruent
than incongruent pseudo-words (Z = 14.24, p < .001), for the congruent than control pseudo-words (Z
=19.10, p < .001), and for incongruent than control pseudo-words (z = 1.60, p < .001) (main effect of
condition with three levels: ¥?(2) = 474.67, p < .001) (Figure 2a). Thirdly, the proportion of ‘yes,
meaningful’ responses to the ‘instructed’ pseudo-words in the post-test phase confirmed that
participants remembered the meaning of the pseudo-words that had been presented in the learning
phase (mean instructed condition = 91.8%, SD = 9; above 50% chance level t-test: t(62) = 36.96, p <
.001). Additionally, in this post-test phase the proportion of ‘yes, meaningful’ responses was
significantly higher for congruent pseudo-words than for incongruent or control pseudo-words
(congruent: mean = 84.1%, SD = 13.6; incongruent: mean = 18.6%, SD = 25; control: mean = 15.3%,
SD = 11.4) (main effect of condition: x3(2) = 141.53, p < .001; congruent vs. incongruent: Z = 11.16, p <
.001; congruent vs. control: Z = 21.12, p < .001; incongruent vs. control: Z = 2.75, p = .017). Lastly,
effects on the transcribed responses in the post-test phase similarly demonstrated that participants
successfully inferred the meaning of the novel pseudo-words using the rules (congruent: mean = 83.3,
SD =14.1; incongruent: mean =16.7, SD = 24.8; control: mean = 3.8, SD = 8.0) (main effect of condition:
x*(2) = 113.14, p < .001; congruent vs. incongruent: Z = 9.33, p <.001; congruent vs. control: Z = 16.23,
p <.001; incongruent vs. control: Z = 1.53, p = .277) (Figure 2b).

In contrast to our hypothesis, however, there was no evidence for sensitivity of these
behavioural indices to modulation by levodopa (Figure 2). Specifically, there was no evidence for
treatment group effects on: (1) the ‘meaning match’ questions asked during the probe trials of the
inference phase (main effect of treatment group: x?(1)= 0.04, p = .843; condition x treatment group
interaction: x3(2)= 0.49, p = .784); (2) the post-test ‘yes, meaningfulness’ questions (main effect of
treatment group: x3(1)= 1.96, p = .161; condition x treatment group interaction: x3(2)= 1.68, p = .431);
or (3) the post-test transcribed responses (main effect of treatment group: x*(1)= 0.73, p = .392;
condition x treatment group interaction: x*(2) = 0.11, p = .945).
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Word meaning inference engages frontoparietal and language networks

Next, we conducted univariate and multivariate fMRI analyses to establish that the main
neural task effects, irrespective of treatment group, were generally consistent with those observed in
the previous fMRI study with the same task (Zheng et al., 2025).

To uncover neural activity related to the inferential process during the inference phase, we
first compared univariate fMRI responses at the time of congruent versus incongruent primes (i.e.,
during the application of the abstract rules). This comparison revealed increased activity in the medial
PFC (Figure 3a) (congruent vs. incongruent primes: Z-max =5.19, p FWE-corr < .0001, peak coordinates
X, ¥, z=[-6, 33, 38], Ke = 582) (list of significant clusters is presented in Table S3). The opposite contrast
showed increased activity in the superior parietal lobule (incongruent vs. congruent primes: Z-max =
4.09, p FWE-corr = .0025, peak coordinates x, y, z = [-18, -48, 68], K. = 123) (Figure 3a and Table S3).

To uncover the neural representations of the composed meanings resulting from the
inferential process, we then assessed univariate fMRI repetition suppression effects at the time of the
target. Repetition suppression effects revealed a significant increase in activity in the left IFG (Z-max
= 6.68, p FWE-corr < .0001, peak coordinates x, y, z = [-48, 25, 18], Ke = 1314) during targets that
followed incongruent primes relative to congruent primes (Figure 3b) (list of significant clusters is
presented in Table S3). The reverse contrast (targets followed by congruent primes relative to targets
followed by incongruent primes) revealed increased neural activity in the striatum (Z-max = 5.82, p
FWE-corr <.0001, peak coordinates x, y, z=[-10, 11, 0], Ke = 1112) and other frontal and parietal areas
(Figure 3b and Table S3).

Subsequently, we assessed the multivariate neural representations of both the abstract rules
and the inferred word meanings at the time of the prime using RSA. With regard to the abstract rules,
the correlation between the rule model RDM with the neural RDMs revealed significant rule
representations in the IFG, both irrespective of congruence (neural RDM: congruent & incongruent;
left: Z-max = 5.84, p FWE-corr < .0001, peak coordinates x, y, z = [-46, 21, 18], Ke = 5200; right: Z-max
=4.22, p FWE-corr < .0001, peak coordinates x, y, z = [49, 23, 16], K. = 173) (Figure 3c and Table 54)
and as a function of congruence (neural RDM: congruent vs. incongruent; left: Z-max = 4.36, p FWE-
corr =.022, peak coordinates x, y, z = [-36, 27, -12], K¢ = 60; driven by a significant rule representation
in the congruent condition only: left: Z-max = 5.17, p FWE-corr < .0001, peak coordinates x, y, z = [-44,
25, 14], K. = 731) (Figure 3e and Table S4).

With regard to the representation of the newly inferred word meaning, this was assessed by
correlating the meaning model RDM with the neural RDMs. The analyses revealed significant effects
of newly inferred word meanings, irrespective of congruence (neural RDM: congruent & incongruent),
in the left IFG (Z-max = 4.11, p FWE-corr = .001, peak coordinates x, y, z = [-54, 37, -2], Ke = 109), as
well as other language-related areas, like the left angular gyrus (Z-max = 5.07, p FWE-corr = .000, peak
coordinates x, y, z = [-50, -72, 28], K. = 512) (Figure 3d and Table 54).

These main task effects generally concur with those uncovered in the previous study with the
exact same task (Zheng et al., 2025).

Levodopa increased BOLD signal in the hippocampal formation, while decreasing it in the
striatum, during successful inference of word meaning

Next, we moved to our primary effects of interests: those of levodopa manipulation. To assess
the neural effects of levodopa during the inferential process, we used univariate fMRI analyses to
investigate BOLD responses at the time of the prime pseudo-words. Based on previous evidence on
the role of dopamine and the hippocampal formation in the generalization of relational structure for
inference, we hypothesized that levodopa would modulate inference-related activity in the
hippocampal formation, as well as the striatum.

12
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The contrast between congruent and incongruent primes revealed a significant positive effect
of treatment group (levodopa vs. placebo) in the hippocampal formation. This effect was driven by a
higher hippocampal BOLD signal during congruent versus incongruent primes for levodopa relative to
placebo (SVC corrected, Z-max = 4.30, p FWE-corr = .032, peak coordinates x, y, z=[27, -30, -10], K. =
20). Conversely, there was a significant negative effect of treatment group in the striatum for levodopa
relative to placebo during congruent versus incongruent primes (SVC corrected, Z-max = 4.20, p FWE-
corr =.041, peak coordinates x, y, z=[23, 7, 10], K = 46) (Figure 4). Simple main effects of congruence
were not significant and are presented in Text S7. There was no evidence for effects of treatment
group on activity in other regions (at the whole brain level), also not in the (cortical) regions that were
activated by the congruent versus incongruent primes (or vice versa) across both treatment groups
(main univariate fMRI task effects irrespective of treatment group are presented in Figure 3a and 3b).

To investigate the effects of levodopa on the neural representations of the word meanings
resulting from the inferential process, we used univariate fMRI repetition suppression effects at the
time of the target. There were no effects of treatment group on the repetition suppression effects
measured at the time of the target in the univariate analyses (either at the whole brain level or within
our preregistered and exploratory regions of interest). Specifically, there was no evidence for a
difference between treatment groups during targets that followed incongruent primes relative to
targets that followed congruent primes (incongruent vs. congruent targets: all cluster-level p > .999).
Furthermore, there was no evidence for a difference between treatment groups in the opposite
contrast: during targets that followed congruent primes relative to targets that followed incongruent
primes (congruent vs. incongruent targets: all cluster-level p > .291).

Levodopa strengthens representations of abstract rules, but not word meaning, in the
prefrontal cortex

Next, we assessed the effect of levodopa on the neural representations that are needed for
the inference of novel word meaning. Based on prior evidence regarding dopamine’s role in the
sharpening of relevant task representations, we hypothesized that levodopa strengthens the neural
representations of the abstract rules and/or of the inferred word meanings themselves. To test this
hypothesis, we submitted our data to multivariate representational similarity analyses (RSA) to
decode the effects of levodopa on the neural representations of the abstract rules and the inferred
word meanings at the time of the prime.

The correlations between the rule model RDM with the neural RDMs revealed an effect of
treatment group on the rule representations as a function of congruence. This was due to significantly
stronger abstract rule representations in the congruent versus incongruent condition in the superior
frontal gyrus in the levodopa versus the placebo group (neural RDM: congruent vs. incongruent; Z-
max = 4.45, p FWE-corr = .005, peak coordinates x, y, z=[19, 57, 20], K. = 78) (Figure 5a and 5b). There
was no evidence for effects of treatment groups in other regions.

In post-hoc exploratory analyses, we asked whether this difference in abstract rule
representations between treatment groups in the superior frontal gyrus had behavioural relevance.
To assess this, we computed a ‘learner’ index representing successful meaning inference by
subtracting participants’ behavioural performance on the post-test phase (the proportion of pseudo-
words identified as meaningful) in the incongruent condition from that in the congruent condition
(zheng, et al., 2024). The behavioural relevance was then assessed by performing a linear regression
between the learner index and the extracted correlation coefficients in the superior frontal gyrus
(from the functional cluster uncovered in Figure 5a). This linear regression revealed that participants
who exhibited stronger rule representations in superior frontal gyrus (for congruent versus
incongruent primes) were more likely to indicate that congruent primes were more meaningful than
incongruent primes (model: learner index ~ extracted correlation coefficient * treatment group; main
effect of the extracted correlation coefficient: slope =172.59, SD =79.1, t = 2.18, p = .034; main effect
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of treatment group: slope = 3.99, SD = 9.3, t = 0.43, p = .670; interaction of treatment group and
extracted correlation coefficient: slope = 283.39, SD = 158.1, t = 1.79, p = .079) (Figure 5c).

In contrast to the treatment group effect on the neural rule representations, further RSA
analyses looking at word meaning representations revealed no evidence for any treatment group
effect on the strength of the newly inferred word meaning representations. The correlations of the
meaning model RDM with both neural RDMs did not differ between treatment groups when averaged
across congruent and incongruent conditions, nor as a function of congruence.

The null effect of levodopa group on the meaning model RDM in these multivariate analyses
concurs with the observation that there were no effects of treatment group on the repetition
suppression effects measured at the time of the target in the univariate analyses (reported above).

Taken together, levodopa modulated inference process-related neural activity in the
hippocampal formation and the striatum when encountering the novel prime pseudo-words.
Furthermore, it strengthened the representation of the abstract rules in the superior frontal gyrus,
particularly when meaning inference was possible for the congruent primes. By contrast, the
representations of the newly inferred word meanings in language-specific areas, including the left IFG,
appeared unaltered by levodopa.

Discussion

In this study we investigated the role of dopamine in modulating the neural processes and
representations underlying compositional inference of word meaning. A paradigm was employed
requiring participants to infer the meaning of novel compositional artificial words based on abstract
rules, after ingesting a dopamine precursor (levodopa) or a placebo. Both treatment groups were able
to abstract the rules from the training set of compositional words, and to apply these rules to infer
the meaning of novel compositional words. The neural activity patterns during the inference of word
meaning differed between the treatment groups: the levodopa group exhibited stronger
representations of the abstract rules in the superior frontal gyrus during successful meaning inference,
compared with the placebo group. Moreover, in the levodopa group (relative to placebo) activity in
the hippocampal formation increased, but activity in the striatum decreased during successful
inference.

These results support the conclusion that brain dopamine is important for language
processing, and generally concur with prior evidence showing that administration of drugs like
levodopa or the dopamine receptor agonist pergolide enhanced direct or high-frequency semantic
priming (e.g., “cat-dog” or “date—calendar”), while decreasing indirect (e.g., “summer—snow,” as
“summer” primes “winter” then “winter” primes “snow”) or low-frequency semantic priming (e.g.,
“date—fruit”, as “fruit” is related to the subordinate meaning of “date”) (e.g., Copland et al., 2009).
Furthermore, administration of the catecholamine transporter blocker methylphenidate has been
shown to modulate semantic processing. Particularly, methylphenidate modulated the neural
response to words that were semantically congruent compared with those that were semantically
incongruent with the preceding sentence, in a manner that depended on the task relevance of
semantic processing (Tan & Hagoort, 2020). These effects were attributed to dopamine-related
increases in the signal-to-noise ratio of semantic meaning representations (Angwin et al., 2004;
Copland et al., 2003, 2009; Kischka et al., 1996; Tan & Hagoort, 2020), perhaps via enhancement of
frontal mechanisms supporting attentional/controlled inference. However, the precise neural
processes and representations that mediate these effects remains unclear. Such effects on semantic
priming might reflect increased precision of the semantic code itself, increased precision of the task
rules, or increased efficiency of the meaning inference process. Our study enabled us to separate the
effects of levodopa on these processes. By doing so, we demonstrate that levodopa boosts neural
activity related to hippocampal inferential processing, which might have led indirectly to a sharpening
of the prefrontal abstract rule representations when meaning inference was recognized to be
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successful. There was no evidence, however, for greater precision of the semantic word meaning
representation itself.

Our findings concur with our hypothesis that abstract rule-based inference of novel word
meaning involves dopaminergic modulation of brain regions in a network encompassing the
hippocampal formation. This hypothesis was based on studies in the domain of non-linguistic
processes, such as relational memory and goal-directed behaviour. These studies highlighted a key
role for the hippocampal formation, and its modulation by dopamine, in both the representation and
generalization of relational structures for inference (Barron et al.,, 2020; Kahnt & Tobler, 2016;
Shohamy & Wagner, 2008). The circuit that connects the hippocampal formation with the medial PFC
is thought to maintain relevant task structure knowledge in the form of prospective representations
(Barron et al., 2013; Garvert et al., 2023; Morton et al., 2020; Park et al., 2020; Schwartenbeck et al.,
2023). Such representations are thought to support novel shortcuts or connections that were never
previously experienced. Our observation that levodopa acts on the hippocampal formation during the
process of novel meaning inference also concurs with findings from studies of dopaminergic midbrain
recordings. These show that dopamine can support the inference of associations that extend beyond
those learnt based on direct reinforcement (Sadacca et al., 2016; Sharpe et al., 2017, 2020; Stalnaker
et al,, 2019; Takahashi et al., 2017), thus helping us generalize previously learnt information (Kahnt &
Tobler, 2016) in order to "join-the-dots" between events that have not been observed together
(Barron et al., 2020).

While we anticipated that the abstract relational structure rules would be encoded also in the
hippocampal formation, our repetition suppression and RSAs did not support this. Instead, rule
representations were strongest in a network classically characterized as the executive control
network, encompassing both lateral and superior medial frontal cortex (as in the previous fMRI study
Zheng et al. 2025). In hindsight, this finding might result from the fact that our affixation rules are
likely represented as propositional or production rules rather than as relational structures. Such
propositional rules implicate the executive control network, rather than the medial orbitofrontal-
hippocampal network (Vaidya & Badre, 2022).

Our finding that levodopa strengthened the abstract rule representations specifically in the
superior frontal gyrus concurs with the observation that this area is rich with dopamine receptors
(Froudist-Walsh et al., 2021, 2023). Previous work has implicated the PFC in maintaining abstract rules
in an active state to guide ongoing behaviour in a coherent task-relevant manner (e.g., Badre et al.,
2010; Frankland & Greene, 2020b), including when these rules are inferred from previous experience
and applied in novel situations (Eichenbaum et al., 2020; Vaidya et al., 2021).

Our results also concur with the hypothesis that dopamine receptor stimulation in the PFC
boosts the gain of relevant representations in working memory (Braver & Cohen, 1999; Ott & Nieder,
2019; Servan-Schreiber et al., 1990). Critically, the boost in the precision of the prefrontal abstract rule
representations was greater on congruent trials than on incongruent trials: that is, when the
application of the abstract rule to the stem allowed generation of meaningful pseudo-words
compared with when the pseudo-words were meaningless (Figure 3e). This finding might reflect
greater maintenance in working memory of the retrieved affixation rule, after participants recognized
that this rule could be applied to obtain their task goal (i.e., to infer meaning). Importantly, this
difference can only have arisen after meaning inference had already taken place. This observation
raises the possibility that levodopa did not act directly on the superior frontal gyrus to alter rule
representations but rather acted indirectly via changing inferential processes in (hippocampal) regions
downstream of the frontal cortex.

The effects of levodopa on inference-related activity in the hippocampal formation and
striatum were not accompanied by modulation of the strength of the word meaning representation
itself (in either repetition suppression or RSA). These null effects were surprising given that one might
expect that an improvement in inferential efficiency should lead to more precise word meaning
representations. We cannot exclude the possibility that the lack of a treatment group effect on the
RSA-derived neural word meaning code reflects a lack of statistical power. Indeed, across groups, word
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meaning representations were much weaker than the rule representations (Figure 3c and 3d), perhaps
because the meaning model RDM was more complex than the rule model RDM. However, there was
a lack of modulation of the repetition suppression effect at target despite significant repetition
suppression main task effects (Figure 3b). Future studies might consider increasing the power and
efficiency of the inference phase by increasing the number of relevant trials and excluding the control
condition.

We were puzzled that the effects of levodopa on prefrontal rule representations and
hippocampal inferential processing were not accompanied by a behavioural improvement in meaning
inference. This might reflect the fact that the behavioural paradigm was not optimized for detecting
effects on behavioural performance during inference. The behavioural readout of successful inference
was measured only after the target or at post-test and might thus have resided.

The lack of a levodopa effect on behaviour in the fMRI and post-test phase led us to explore
post-hoc brain-behaviour relationships. These uncovered a link, across individuals, between their
behavioural learner index and the strength of the abstract rule representations in the superior frontal
gyrus. While caution is warranted when interpreting this finding due to its exploratory nature and the
small sample size for individual variability, such a brain-behaviour link supports the behavioural
relevance of the superior frontal gyrus for rule representation.

Even though levodopa alters dopamine to a greater degree than noradrenaline (Chalmers et
al., 1971; Louis et al., 1974; Martins et al., 2017), we cannot fully exclude the possibility that the effects
of levodopa may additionally reflect changes in noradrenaline. In future studies, more specific
dopamine receptor agents, like sulpiride, might be used to substantiate the neurochemical specificity
of the effects observed here. Furthermore, receptor-enriched neuroimaging analyses that integrate
PET imaging-derived information about the spatial distribution of dopamine and noradrenaline
receptors might be leveraged for improving the interpretation of the pharmacological specificity of
these levodopa effects (DiPasquale et al., 2020; Van den Bosch et al., 2025).

To conclude, we have shown that levodopa increases neural activity related to inferential
processing in the hippocampal formation, while also increasing the strength of abstract rule
representations in the PFC. These findings advance our understanding of the neural mechanisms by
which brain dopamine supports inferential reasoning for language processing.
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Legends

Table 1. Demographic and questionnaire scores averaged across participants and separately by
treatment groups. Mean score (SD) of demographic measures and questionnaires and the results of a
two independent sample t-test on differences between treatment groups (levodopa vs. placebo).
Statistical values are uncorrected for multiple comparisons. There were no significant treatment group
differences after Bonferroni correction for multiple comparisons (13 comparisons threshold: p <.004).
Demographics: BMI = Body Mass Index; NLV = Dutch adult reading level test (Schmand et al., 1991).
Questionnaires: BIS-BAS = Behavioural Inhibition-Behavioural Activation Scale (Carver & White, 1994);
BIS-11 = Barratt Impulsiveness Scale (Patton et al., 1995); BDI = Beck Depression Inventory (Beck et al.,
1961); STAI = State component of the State-Trait Anxiety Inventory (Spielberger, 1983); NFC = Need For
Cognition (Cacioppo et al., 1984); UBOS = Utrecht Burnout Scale (Schaufeli & van Dierendonck, 2000).

Figure 1. Study procedure and task paradigm (exemplified in English, the experimental stimuli are
in Dutch). a) Study timeline highlighting the main events: Participants performed two sessions across
which they completed a task comprising three phases. The screening sessions consisted of an inclusion
and exclusion criteria check together with the learning phase of the task, where participants learned
the meaning of pseudo-words. After the screening session (about 10 days later), participants came
back for the pharma(cological) session. In this session, they were administered either levodopa or
placebo and underwent MRI to perform the inference phase, in which they were shown new pseudo-
words. At the end of the pharma session, a post-test phase was administered to capture the degree to
which novel word meaning inference had been successful. b) Learning phase: participants learned
compositional pseudo-words (learning block) and their memory of these pseudo-words were tested
(memory block). The pseudo-words consisted of a known stem (e.g., “good” in “good-kla”) and an
unknown affix (e.g., “kla” in “good-kla”). The affix altered the meaning of the pseudo-word depending
on its position (abstract relational structure rules). Critically, these rules were never made explicit to
the participants, but they could be inferred from the presented pairing of the pseudo-words with their
meanings. c) Inference phase in the MRI scanner after drug ingestion: this phase tested participants’
knowledge of the abstract rules by asking them to imagine the meaning of novel pseudo-words using
an fMRI repetition suppression paradigm, in which the PRIME pseudo-words were always followed by
a real TARGET word. Critically, the PRIME pseudo-words were either congruent or incongruent in terms
of the application of the rules. For example, given that “-kla” means “opposite”, the PRIME pseudo-
word “white-kla” means “black” and is therefore congruent with the rule. On the other hand, given
that “kla-” means “small version of”, the PRIME pseudo-word “kla-white” is meaningless and
incongruent with the rule. The TARGET words always corresponded to the meaning of the congruent
PRIME pseudo-words (“black” was presented after “white-kla” as well as “kla-white”). The task
controlled for the position of the affix by including PRIME pseudo-words that were uninterpretable
regardless of the rules (e.g., “ran-white” = the color of white; “white-ran” = the extreme version of
white). On 10% of the trials, participants had to make a judgment about whether the TARGET word
had the same meaning as the PRIME pseudo-word. d) Post-test phase: explicitly tested participants'
knowledge about the meaning of the novel PRIME pseudo-words seen in the inference phase.

Figure 2. Behavioural effects of levodopa on performance in the inference phase and post-test phase
as a function of condition. a) The boxplots display the proportion (%) of congruent, incongruent and
control prime pseudo-words reported to match in meaning the target words in the probe trials of the
inference phase, as a function of treatment group. b) The boxplots display the proportion (%) of
congruent, incongruent and control prime pseudo-words identified as meaningful based on the
transcribed responses of the post-test phase, as a function of treatment group. Across the plots, each
dot and line represent data from one participant, the thick horizontal line inside the boxplot indicates
the group median, the lines at bottom and top of the box indicate the group-level first and third
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quartiles values, and green refers to the levodopa group and orange to the placebo group. ***
Indicates p <.001 in pairwise comparison.

Figure 3. Main task effects during the inference phase, averaged across treatment groups. a)
Univariate effects of the compositional inference process at prime for the condition of interest (blue:
congruent > incongruent; yellow: incongruent > congruent). b) Univariate repetition suppression
effects of novel compositional word meaning representations at target, illustrating positive and
negative BOLD signal change based on the condition of interest. Results show negative BOLD signal
change (repetition suppression effects; greater signal for incongruent than congruent targets) in the
left inferior frontal gyrus in yellow and positive signal change (greater signal for congruent than
incongruent targets) in the striatum in blue. c) Multivariate rule representations in left inferior frontal
gyrus and other regions decoded at the time of both congruent and incongruent primes, as revealed
by a whole-brain searchlight analysis. d) Multivariate word meaning representations in left inferior
frontal gyrus and other regions decoded at the time of both congruent and incongruent primes, as
revealed by a whole-brain searchlight analysis. e) Multivariate rule representations in the left IFG when
comparing the congruent with the incongruent primes, as revealed by a whole-brain searchlight
analysis. In panel a and b, the visualization is set at threshold of .05 FWE corrected on the cluster level.
In panel ¢, d, and e: voxels thresholded at p < .05 uncorrected are shown, for visualization purposes.

Figure 4. Effects of levodopa versus placebo on prime-related BOLD signal during meaning
composition. a) Univariate effects of levodopa compared with placebo are shown on BOLD signal
during congruent versus incongruent primes (blue: congruent > incongruent; yellow: incongruent >
congruent). For illustration purposes, all voxels with p-values smaller than 0.05 (uncorrected) are
shown. Only the right hippocampal formation and striatum clusters survive a small volume correction
with anatomically defined ROIs. b) The box plot displays the mean congruent minus incongruent
contrast estimates, averaged across and extracted from the hippocampal formation and striatum
anatomical ROIs respectively, for visualization purposes. Green refers to the levodopa group and
orange to the placebo group. Each dot illustrates a participant, the thick horizontal line inside the
boxplot indicates the group median, and the lines at bottom and top of the box indicate the group-
level first and third quartiles values.

Figure 5. Multivariate RSA effects in the levodopa and placebo group at prime. a) Effect of treatment
groups on the multivariate rule representation for congruent versus incongruent primes. For
illustration purposes, voxels thresholded at p < .05 uncorrected are shown. b) Box plots by group of the
correlation coefficients extracted separately by treatment groups from the functional cluster
uncovered in (a), for visualization purposes. Each dot illustrates a participant, the thick horizontal line
inside the boxplot indicates the group median, and the lines at bottom and top of the box indicate the
group-level first and third quartiles values. c) The left panel displays the proportion (%) of congruent
and incongruent prime pseudo-words identified as meaningful on the post-test phase. The ‘learner’
index was computed by subtracting each individual’s proportion score for the incongruent primes from
their score for the congruent primes. This index reflects participants’ ability to learn and generalize the
abstract affix rules for successful inference. Each dot and line represent data from one participant, the
thick horizontal line inside the boxplot indicates the group median, and the lines at bottom and top of
the box indicate the group-level first and third quartiles values. The right panel shows the linear
regression between the learner index and the correlation coefficients extracted separately by
treatment groups from the functional cluster uncovered in (a). Each dot represents data from one
participant and the line illustrates the correlation with the coloured shades representing 95%
confidence intervals. Across the plots, green refers to the levodopa group and orange to the placebo

group.
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