
              

City, University of London Institutional Repository

Citation: Rigoli, F. (2022). Prisoner of the present: Borderline personality and a tendency 

to overweight cues during Bayesian inference. Personality Disorders: Theory, Research, 
and Treatment, 13(6), pp. 609-618. doi: 10.1037/per0000549 

This is the accepted version of the paper. 

This version of the publication may differ from the final published version. 

Permanent repository link:  https://openaccess.city.ac.uk/id/eprint/27597/

Link to published version: https://doi.org/10.1037/per0000549

Copyright: City Research Online aims to make research outputs of City, 

University of London available to a wider audience. Copyright and Moral Rights 

remain with the author(s) and/or copyright holders. URLs from City Research 

Online may be freely distributed and linked to.

Reuse: Copies of full items can be used for personal research or study, 

educational, or not-for-profit purposes without prior permission or charge. 

Provided that the authors, title and full bibliographic details are credited, a 

hyperlink and/or URL is given for the original metadata page and the content is 

not changed in any way. 

City Research Online



City Research Online:            http://openaccess.city.ac.uk/            publications@city.ac.uk

http://openaccess.city.ac.uk/
mailto:publications@city.ac.uk


1 
 

Prisoner of the present: Borderline personality and a tendency to overweight cues 

during Bayesian inference 

Francesco Rigoli, City University 

Abstract 

Recent work has examined the computational mechanisms underlying Borderline Personality (BP). 

However, this research has been confined to specific tasks. A computational analysis of BP’s mental 

processes as they broadly unfold in everyday life is lacking. Here a computational model of BP is 

proposed which describes patients’ everyday-life mental experience at large. Grounded on Bayesian 

inference, the proposal is that BP sufferers attribute excessive weight to cues considered to infer life 

contexts (e.g., to infer whether a cooperation or competition context is ongoing). Remarkably, model 

simulations demonstrate that this idea accounts for several characteristics of BP, from extreme 

oscillations in identity, affect, and behaviour, to dysfunctional interpersonal cycles. Altogether, the 

paper offers a framework to interpret the broad, everyday life computational mechanisms underlying 

BP. This can inspire theoretical and empirical research and can help understanding how clinical 

interventions for BP work, thus contributing to refine such interventions.  
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Introduction 

Borderline personality (BP) is a serious mental disorder affecting from 1.2% to 6% of individuals 

(Grant et al., 2008; Lieb et al., 2004). Besides the severe psychological distress, its costs comprise the 

burden for health services (in the USA, more than 20% of people accessing clinical inpatient services 

hold this diagnosis) and, most dramatically, the extremely high rate of suicide among its sufferers 

(Grant et al., 2008; Lieb et al., 2004). Being a disorder of personality, BP is general and stable, as it 

encompasses several life domains and persists over time, often resisting clinical intervention. Despite 

a remarkable heterogeneity (according to standard diagnosis criteria, as many as nine symptoms can 

be manifested, with only five of them being enough for a diagnosis (American Psychiatric 

Association, 2013)), all BP sufferers share the same abrupt fluctuations in affect, beliefs, and identity, 

so much so that rapidly alternating extremes (in affect, beliefs, and identity) are considered to be the 

core of the illness (Lieb et al., 2004; Linehan, 1993). For example, in a remarkably short time interval, 

the same BP patient might go from expressing excessive euphoria to manifesting extreme anger or 

sadness, usually to the perplexity of others. Peaks in anger, sadness or fear are particularly 

problematic because they often result in impulsive actions such as in violence towards others or 

towards oneself (in the latter case, not rarely manifested in suicidal behaviour). Moreover, chronic 

psychological instability renders intimate relationships intense but highly unstable, resulting 

frequently in breaking points. 

What are the mental processes responsible for the development and maintenance of BP? Several lines 

of research have offered valuable insight. Among these, computational psychiatry is a recent approach 

which interprets mental illness in terms of computational mechanisms gone awry (Huys et al., 2016; 

Montague et al., 2012). By relying on formal mathematical modelling, this approach offers a precise 

description of the processes implicated in the formation and maintenance of a disorder, providing 

clear definitions of classical concepts adopted in the clinical literature and of their relation. Though 

this approach comes with the price of making substantial simplifications, many have argued that this 

is more than compensated by the clarity afforded by mathematics, which facilitates both theoretical 

debate and identification of specific empirical predictions (Huys et al., 2016; Montague et al., 2012). 
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Relying on a computational psychiatry perspective, recent work has asked BP patients to perform 

judgement and decision-making tasks which have been analysed adopting computational modelling 

(Fineberg, et al., 2017; 2018; Franzen et al., 2011; Henco et al., 2020; King-Casas et al., 2008; Siegel 

et al., 2020; Unoka et al., 2009). This research has pinpointed to specific aspects distinguishing BP 

sufferers from non-sufferers, so that a picture is emerging about which computational mechanisms 

might underly BP. However, so far, the scope of this research has been somewhat confined to the 

context of specific tasks. An analysis of the broader implications for understanding mental processes 

of BP as they unfold in everyday life remains to be developed. In other words, what can we learn from 

recent computational psychiatry research in BP in terms of how this disorder affects everyday 

experience? Can we build upon this research to develop a general picture of BP in terms of how 

patients behave in their ecological contexts, of how they shape their relationships, and of how they 

make choices in real life? Such broad, ecological theories of BP exist (e.g., Fonagy et al., 2000; 

Kernberg, 1967; Linehan, 1993; Liotti, 2002), but they are not computational. In an attempt to bridge 

ecological theories of BP with recent computational psychiatry research on this illness, here I propose 

an ecological computational model of BP. The purpose of this is to adopt computational modelling to 

develop a theory of BP which encompasses patients’ everyday life experience at large. 

The next section overviews the theory, which is referred to as Ecological Computational Model of 

Borderline Personality (ECMBP) (here the word ecological refers to an attempt to describe patients in 

their every-day life contexts, beyond any specific psychological task). After outlining the theory, this 

is analysed in a set of model simulations exploring how typical clinical manifestations of BP arise 

when specific model parameters are set. Finally, the model is discussed in the context of broader 

issues. 

 

The Model 

The ECMBP is based on Bayesian statistics (Bishop, 2006). The assumption is that the brain 

represents variables that are key for interpreting everyday life experience and that, based on observing 
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some of them, it infers the state of others (Oaksford & Chater, 2007). The model can be described 

adopting a Bayesian network formalism (Bishop, 2006) where circles and arrows represent 

probabilistic variables (all categorical in the ECMBP) and their relationships, respectively (fig. 1). At 

the centre of this network is the variable Current Life Context (LCC). The proposal is that the brain 

parcels everyday life experience in discrete categories or life contexts. A life context is defined by 

specific manifestations for each of three main dimensions including: (i) self-identity, capturing beliefs 

about expectations, affects, goals, and behaviours of the self in a given context, (ii) others-identity, 

capturing beliefs about expectations, affects, goals, and behaviours of others in a given context (with 

one or more individuals being at play) (note that some life contexts might not involve interactions 

with others; for these contexts, the others-identity dimension is not relevant), and (iii) environment-

identity, capturing beliefs about the physical setting where an action or interaction takes place. 

Analogous to previous concepts in the literature such as those of internal working model and self-

schema (Bretherthon & Munhollad, 2008; Kendzierski, 1980; Markus, 1977), the notion of life 

context describes an abstract representation which pinpoints to general (personal, interpersonal, or 

social) structures and dynamics that can be experienced in everyday life. We remain agnostic about 

how many and which life contexts might be available to the brain as options, not least because this is 

likely to depend strongly on each individual life history. At the same time, it is arguable that some life 

contexts might be a recurrent option among people. For example, an attachment context, where the 

self is interpreted as in need of protection and the other as a caring figure, might be an option 

universally available (Bretherthon & Munhollad, 2008). Another example might be a competition 

context, viewing the self and the other as similar in status and in competition with one another.  

The ECMBP proposes that, during development (and possibly under the influence of genetic 

predispositions) the brain learns to categorise the multifarious manifestations of everyday experience 

based on a relatively short list of life contexts. In other words, the brain would assume that, although 

everyday experience is often diverse and confused, ultimately this can be filtered out by invoking one 

among a small set of life contexts which would be at play in the present. The ongoing life context (the 

LCC), the proposal goes, would not be observable directly (being a hidden or latent variable), but can 
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be inferred indirectly based on related cues (a cue can be any stimulus, or complex of stimuli, in the 

environment). For example, facial expressions manifested by another person (e.g., an aggressive face) 

might be interpreted as a cue reflecting a specific underlying life context (e.g., a competition context). 

Although the ECMBP can include multiple cue variables, for the sake of simplicity only three are 

implemented in the graphical model of fig. 1 (CA, CB, and CM). Whereas CA and CB reflect cues from 

the external physical or social environment, CM captures information about the own behavioural or 

psychological processes. For instance, it might indicate which episodic memory trace is currently 

retrieved (e.g., the idea being that remembering a fight with a classmate would signal that a 

competition life context is ongoing). 

Finally, the graphical model described in fig. 1 includes a variable reflecting the Past Life Context 

(LCP), capturing the life context at play in the recent past. The idea is that the brain assumes that the 

past influences the present in such a way that, if a certain life context was active in the immediate 

past, there is a good chance that it remains active now. 

Formally, the joint probability of the variables included in the graphical model corresponds to: 

P(LCP, LCC, CA, CB, CM) = P(LCP) P(LCC | LCP) P(CA | LCC) P(CB | LCC) P(CM | LCC) 

This implicates the following generative process. First, a past life context is sampled from LCP with 

probability P(LCP). Second, the current life context is sampled from the conditional probability P(LCC 

| LCP). Finally, cues signalling the current life context are sampled from P(CA | LCC), P(CB | LCC), and 

P(CM | LCC). Any cue variable can be observed and be relied upon to perform Bayesian inference. 

Inference can concern the posterior probability of the current life context (e.g., if both CA and CB are 

observed, these can be considered to infer P(LCC | CA, CB)) or can concern the posterior probability of 

a cue variable which has not been observed (e.g., if CA alone is observed, this can be considered to 

infer P(CB | CA)). Notably, the Bayesian graph in fig. 1 can be interpreted as a Markovian process, and 

thus adopted to make inference over different time points (formally, resulting in a Hidden Markov 

Model; this is analogous to a Kalman filter, although the latter applies to continuous variables while 

the ECMPB focuses on categorical variables; Bishop, 2006). This occurs simply by treating LCC at 
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time t as equal to LCP at time t+1: once the posterior of LCC (e.g., P(LCC | CA, CB)) is calculated for 

time t, this can be considered the be equal to P(LCP) at time t+1, which in turn can be used to infer the 

posterior of the new LCC at time t+1. 

What we have overviewed so far unites BP sufferers and non-sufferers alike. So, what does 

distinguish the two groups? We propose that the key difference relies on the weight attributed to cues. 

Cues can be viewed as more or less informative during inference. For some people, cue variables 

might be considered as highly informative, namely their knowledge might really make a difference 

during inference. For other people, knowing cue variables might make only marginal difference 

during inference. Formally, the weight of any cue variable CX can be quantified by the Mutual 

Information MI between CX and LCC (Dayan & Abbott, 2001): 

𝑀𝑀𝑀𝑀(𝐶𝐶𝑥𝑥,𝐿𝐿𝐶𝐶𝐶𝐶) = ��𝑃𝑃(𝐿𝐿𝐶𝐶𝐶𝐶) 𝑃𝑃(𝐶𝐶𝑥𝑥 | 𝐿𝐿𝐶𝐶𝐶𝐶)
𝐶𝐶𝑥𝑥𝐿𝐿𝐶𝐶𝐶𝐶

log
𝑃𝑃(𝐶𝐶𝑥𝑥 | 𝐿𝐿𝐶𝐶𝐶𝐶)
𝑃𝑃(𝐿𝐿𝐶𝐶𝐶𝐶)

   

The Mutual Information increases when knowing CX is more informative in terms of inferring LCC. 

The ECMBP proposes that the key difference between BP sufferers and non-sufferers is that the 

former weight cue variables more; in other words, the Mutual Information between any cue variable 

CX and LCC is proposed to be higher in BP. This idea offers an interpretation for a variety of empirical 

data. First, it is consistent with the observation that, when making judgements in inference and 

decision-making tasks, BP patients rely more than controls on ongoing cues (Fineberg et al., 2018). 

Second, research has revealed a strong link between situational triggers and symptoms in BP 

(Miskewicz et al., 2015), an observation that can be interpreted as arising from relying heavily on 

situational cues. Third, BP is linked with enhanced absorption (i.e., a tendency to immerge oneself 

within ongoing stimulation) (Zanarini et al., 2000; Zweig-Frank 1994a; 1994b), a phenomenon that 

can be formalised in terms of heightened sensitivity to ongoing cues. Fourth, recent evidence suggests 

that BP patients are more susceptible to perceptual illusions which depend on attributing higher 

emphasis on visual cues (Neustadter et al., 2019).  
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The notion of excessive cue-weighting also presents analogies with recent theories of BP, framing 

these within a computational outlook. An influential perspective adopts network theory to explain 

mental disorders (including BP), interpreted as characterised by strong (vs. weak) network 

connectivity (Borsboom, 2017; Burger et al., 2020). The idea of large mutual information between 

cues and contexts in BP can be interpreted as an instance of strong connectivity between two elements 

of the network. Postulating an exaggerated susceptibility to triggers as being at the core of BP, The 

Symptom-Trigger Contingency model is another recent influential perspective on the disorder 

(Miskewicz et al., 2015). The ECMBP offers a computational interpretation of the notion of trigger 

susceptibility, casted in terms of cue-weighting during inference. A third recent proposal explains BP 

as arising from an enhanced influence of Pavlovian cues during Pavlovian-to-instrumental transfer 

(Hallquist et al., 2018). The ECMBP provides a computational formulation of this idea, and suggests 

that an enhanced cue-influence might be more general (not restricted to Pavlovian-to-instrumental 

transfer). Below, broad implications of attributing higher weight to cues, here proposed to be at the 

core of BP, are explored through model simulations.  

 

Simulations 

Simulation 1: inferring life contexts 

Consider a scenario where two alternative life contexts are available as options: a Cooperation context 

(where the self and the other collaborate honestly to achieve a common goal) and a Betrayal context 

(where the other betrays the self in order to achieve goals at the expense of the self’s goals). The two 

contexts represent the categories available for both LCC and LCP. One single cue variable (CA) is 

available in this scenario, with categories being Betrayal cue (e.g., indicating that the other person is 

keeping some resources for herself) versus Cooperation cue (e.g., indicating that the other person is 

sharing resources). The former category is believed to be more likely given the Betrayal context, and 

the latter category given the Cooperation context. This scenario is simulated for several trials, being a 

new cue CA sampled at every trial. Let us assume that, throughout the whole temporal sequence, the 

true intention of the other person is to cooperate, meaning that the Cooperation context is the actual 
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life context at play all along. However (being observations uncertain by nature), although Cooperation 

cues are usually gathered, sporadically Betrayal cues appear (e.g., the other person might occasionally 

perform seemingly betraying actions because of a temporary lapse, not because of a real intention of 

betraying). Adopting this scenario, let us compare inference among three individuals characterised by 

varying degrees of Mutual Information between LCC and CA. In accordance with the ECMBP, the 

person with the highest Mutual Information is interpreted as being affected by BP. The top panel of 

Fig. 2 plots the posterior P(LCC | CA) over trials as inferred by each individual. When a Betrayal cue 

appears, control individuals still judge the Cooperation context as the most likely; correctly, they 

interpret the Betrayal cue as due to noise, and give it low importance. Conversely, when occasionally 

presented with a Betrayal cue, a Betrayal context is inferred as the most likely by the BP agent. The 

Betrayal cue is attributed an unwarranted importance, as it is not interpreted as noise but as reflecting 

a real change in life context. This example shows a key impairment derived from attributing an 

excessive weight to ongoing cues: noisy observations are not filtered out and thus are taken too 

seriously. The implication is that, although the life context in fact does not change, BP individuals’ 

beliefs about the ongoing life context oscillate dramatically. This captures one of the key aspects of 

BP, namely the frequent and often puzzling swinging of beliefs, mood, and identity (Lieb et al., 2004; 

Linehan, 1993). Moreover, this scenario fits with empirical evidence showing that, when partaking in 

cooperation games, BP patients tend to break cooperation following misunderstandings with 

confederates (King-Casas et al., 2008). The ECMBP interprets this as arising because BP patients 

attribute excessive weight to cues, so that occasional non-cooperation signals are given excessive 

importance. It has also been found that, in judgement and decision-making tasks, BP patients manifest 

lower learning rate, namely they appear to be less influenced by the past (Fineberg et al., 2018; Henco 

et al., 2020). This is consistent with the scenario examined here, where inference expressed by the BP 

agent is driven primarily by ongoing cues and not by past beliefs (captured by LCP). 

The bottom panel of fig. 2 plots the Entropy (H) of the posterior probability P(LCC | CA) along trials, 

equal to (Dayan & Abbott, 2001): 
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𝐻𝐻(𝐿𝐿𝐶𝐶𝐶𝐶  | 𝐶𝐶𝐴𝐴) = −�𝑃𝑃 (𝐿𝐿𝐶𝐶𝐶𝐶| 𝐶𝐶𝐴𝐴)
𝐿𝐿𝐶𝐶𝐶𝐶

 𝑙𝑙𝑙𝑙𝑙𝑙(𝐿𝐿𝐶𝐶𝐶𝐶  | 𝐶𝐶𝐴𝐴) 

The entropy (which is equal to zero when one category has probability of one and other categories 

have probability of zero; and which is maximal when all categories have equal probability) reflects 

the uncertainty about the posterior life context. Fig. 2B indicates that the entropy is generally smaller 

for the BP agent compared to controls. In other words, the BP agent is predicted to be more confident 

(i.e., less uncertain) about inference concerning life contexts. In general, because of an excessive 

weight attributed to cues, the ECMBP predicts that BP sufferers will be more confident about their 

inferences concerning life contexts. This prediction fits with lab observations indicating that BP 

patients report higher confidence in their social judgements (Shilling et al., 2012; Siegel et al. 2020).  

Altogether, both fig. 2A and 2B indicate that, as a consequence of weighting cues heavily, the BP 

agent manifests extreme inferences (i.e., the life context inferred as the most likely is attributed higher 

posterior probability). What does this imply for behaviour? Let us assume that (i) a person performs 

actions according to the life context inferred as the most likely (e.g., a person acts cooperatively if the 

Cooperation life context is judged as the most likely, and she acts defensively if the Betrayal life 

context is judged as the most likely) and that (ii) the vigour of actions increases as entropy decreases 

(i.e., when confidence about the life context increases) (Rigoli, 2021). Being linked with lower 

entropy, extreme inferences as those expressed by the BP agent imply higher action vigour. This 

explains empirical evidence showing that BP patients exhibit extreme emotional responses (Linehan, 

1993): higher confidence about life contexts would imply more vigorous emotional reactions (e.g., 

higher certainty of being in a Betrayal context would elicit stronger anger; note that, as empirical 

evidence suggests (Lerner & Keltner, 2001), such mechanism might be particularly salient when 

experiencing anger). Furthermore, this explains evidence of greater behavioural impulsivity in BP 

(Crowell et al., 2009; Lieb et al., 2004; Linehan, 1993): higher confidence about life contexts would 

imply less cautious behaviour and greater propensity to act out (e.g., higher confidence of being in a 

Betrayal context would motivate ready and impulsive retaliation behaviour). 
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The scenario examined here can shed light on yet another aspect of the illness. There is abundant 

evidence of impaired theory of mind among BP sufferers (Fonagy & Bateman, 2007; Nemeth et al., 

2018; Semerari et al., 2005; Sharp et al., 2011). These people often report distorted understanding of 

the psychological processes expressed by themselves and by others. The ECMBP offers a 

formalization of theory of mind deficits in BP, which are explained as distorted beliefs about how 

mental processes are displayed. More specifically, the notion of life context encompasses beliefs 

about mental processes (i.e., expectations, affect, and identity) guiding oneself and others. The 

conditional probability P(CA | LCC) reflects beliefs about how such mental processes are displayed 

through cues (e.g., through emotional or behavioural signals). The ECMBP proposes that, in BP, P(CA 

| LCC) is distorted because cues are attributed excessive importance. For example, BP patients might 

wrongly interpret someone not paying attention as revealing an underlying aggressive intension, or 

someone being polite as revealing an underlying erotic attraction. Such inability to interpret cues 

correctly and attribute them the appropriate weight is, according to the ECMBP, a main theory of 

mind deficit in BP. As examined above, a consequence of this is an excessive confidence about 

judgements. This can be interpreted as a second major theory of mind deficit proposed by the ECMBP 

to describe BP: a well-functioning theory of mind requires an accurate level of confidence about one’s 

own judgements, while BP patients would manifest excessive confidence (Shilling et al., 2012; Siegel 

et al., 2020).   

In summary, this simulation elucidates key implications of the ECMBP, a model proposing that BP 

patients weight cues excessively. This implies that patients give too much importance to cues due to 

noise, thus manifesting dramatic oscillations in their beliefs, more extreme beliefs, and enhanced 

confidence in their inferences. The explanatory power of just this single aspect is remarkable, as it can 

account for various features of BP as observed empirically. 
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Simulation 2: inferring cues 

This simulation is like the first one except that now a second cue variable (CB) is included in the 

model. For example, CB might describe the behaviour of a third person, with categories being a 

Cooperation cue (e.g., when the person displays impartial cooperation) versus Betrayal cue (when the 

third person favours the second person), the former and the latter supporting the Cooperation and 

Betrayal life context, respectively. However, despite being included, CB is never observed; rather, at 

every trial this cue variable is now inferred based on observing CA and on calculating the posterior 

probability P(CB | CA). Intuitively, this inference represents a guess about an event which in principle 

could have been recorded (e.g., the behaviour of the third person could have been observed), though 

in fact it was not. The top panel of fig. 3 describes the posterior P(CB | CA) along trials, again for three 

individuals characterised by varying degrees of Mutual Information between LCC and CA (which is 

assumed to be equal to the Mutual Information between LCC and CB). As above, the individual with 

the highest Mutual Information is labelled as BP. Fig. 3 illustrates that P(CB | CA) oscillates 

dramatically for the BP agent, insofar as observing sporadic Betrayal cues for CA leads to inferring 

Betrayal cues also for CB (e.g., it leads to guessing that the third person is favouring the second 

person). This does not occur in control agents, where a Cooperation cue for CB continues to be 

guessed even following presentation of occasional Betrayal cues for CA. The bottom panel of fig. 3B 

displays the Entropy (H) of P(CB | CA) along trials, which is equal to: 

𝐻𝐻(𝐶𝐶𝐵𝐵 | 𝐶𝐶𝐴𝐴) = −�𝑃𝑃 (𝐶𝐶𝐵𝐵 | 𝐶𝐶𝐴𝐴)
𝐶𝐶𝐵𝐵

 𝑙𝑙𝑙𝑙𝑙𝑙(𝐶𝐶𝐵𝐵 | 𝐶𝐶𝐴𝐴) 

As Fig. 3 indicates, the BP agent displays lower entropy (i.e., higher confidence) concerning its 

inference about CB (e.g., she is more confident about the third person’s behaviour). 

This scenario interprets two phenomena characterising BP. First, it fits with evidence showing that BP 

sufferers sometimes experience temporary delusions, as they manifest absolute conviction about the 

occurrence of an event (e.g., they might be certain of being cheated or of being chased) which is in 

fact unlikely (D’Agostino et al., 2019; Pearse et al., 2014). The ECMBP explains temporary delusions 
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in BP as the effect of weighting cues excessively during inferences of a cue variable from other cue 

variables.  

The second phenomenon captured by this scenario concerns internal cues. As examined above, while 

some variables (e.g., CA and CB) reflect external cues, other variables (e.g., CM) reflect signals coming 

from the own body or mind. For instance, CM might describe memory traces (e.g., the recollection of 

playing with a friend, or of being deceived by another). Sometimes, CM might be observed (e.g., a 

memory trace might be currently active) and drive inference of life contexts like any other cue 

variable (the logic being that, if one is remembering a certain event, then the associated life context is 

more likely). Other times, CM might be the target of an inference based on other cues, like in the 

scenario examined here. The outcome of this might be the retrieval of a specific memory trace: the 

posterior probability P(CM | CA) might be inferred and one category of CM might be retrieved from 

memory with a chance equal to its posterior probability. Although this favours retrieval of the trace 

associated with the highest posterior probability, for control individuals other traces still have a 

substantial chance of being retrieved. Conversely, for BP, the ECMBP implies that one memory trace 

will have excessive posterior probability, thus blocking retrieval of other traces. Consequently, in BP 

memory retrieval is predicted to be monopolised by the trace associated with the highest posterior 

probability. This explains empirical data about temporary memory deficits in BP, as patients often 

struggle to remember events which are inconsistent with their current thoughts or mood (Jones 1999; 

Winter et al., 2014). 

In summary, this simulation explains how, according to the ECMBP, events are conjectured by BP 

patients. This is captured by an inference where a cue variable is estimated from another cue variable. 

This form of inference might underly BP’s characteristics such as the occurrence of transitory 

delusions and congruency effects in memory retrieval. 
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Simulation 3: interpersonal cycles 

The interpersonal sphere is critical for understanding BP (Dimaggio et al., 2007; Fonagy & Luyten, 

2009; Liotti, 2014; Semerari & Fiore, 2007). Patients suffering from this disorder experience 

problems both in intimate and occasional social interactions, due to the extreme and abrupt 

oscillations in emotion and behaviour they manifest (Sadikaj et al., 2013). Thus, given the centrality 

of interpersonal dynamics in BP, this simulation assesses the ECMBP in this domain.  

The simulation considers pairs of interacting agents, where each agent is equipped with a Bayesian 

network including LCP, LCC, and CA. LCP and LCC each include three categories: Cooperation, 

Competition, and Neglect (the latter being a context where none of the agents is caring about the 

other). CA describes the action performed by the other agent and, for each life context, includes two 

forms of action (six in total), one associated with high vigour and the other associated with mild 

vigour. Thus, CA indicates whether the other agent has performed a vigorous or mild Cooperation 

action, a vigorous or mild Competition action, a vigorous or mild Neglect action. P(CA | LCC) 

describes beliefs about the probability of observing a certain action performed by the other agent 

given the ongoing life context. For example, if a Cooperation context is ongoing, then the other agent 

is predicted to be more likely to exhibit a (vigorous or mild) Cooperation action. On every trial t, each 

agent performs one of the six available actions. On the following trial t+1, this action is recorded by 

the CA of the other agent who, on this basis, infers the posterior life context P(LCC | CA) for t+1. Once 

this has been inferred, an agent decides which action to perform at t+1. This decision works as 

follows. First, the inferred life context (i.e., the one with the highest posterior probability for P(LCC | 

CA) at time t) can be selected with a fixed probability (in the simulation, equal to 0.8). If this context 

is selected, then the corresponding action will be performed (e.g., if the cooperation context is 

selected, either a vigorous or mild cooperation action will be performed; specifically, a vigorous 

action is performed when the entropy of P(LCC | CA)  is lower than a threshold – in the simulation 

equal to 0.6). If the inferred life context is not selected, then any mild action associated with any of 

the three life contexts can be performed, each action with equal probability. When an action is 
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performed at trial t+1 by an agent, at trial t+2 the action is recorded by the CA of the other agent who 

uses it to infer P(LCC | CA) for t+2, and the cycle is repeated. 

We simulate two pairs of agents interacting over several trials. The first pair includes two control 

agents, both characterised by low Mutual Information between LCC and CA. The second pair includes 

one control agent interacting with a BP agent, the latter characterised by high Mutual Information 

between LCC and CA. Both pairs start in a Cooperation life context (this is obtained by assigning 

higher probability to the Cooperation LCP at time 1).  

The left panels of fig. 4 describe the inferred life context (i.e., the context judged as the most likely a 

posteriori) for each agent of the first pair. For both agents, a Cooperation context persists for as long 

as 70 trials, when it is replaced by a Competition context lasting until the end. Overall, contexts 

appear rather stable: only two contexts are experienced by the pair. Moreover, when a specific context 

is activated, both agents appear stable in their inferences, as they usually interpret occasional 

inconsistent behaviour as noise, and not as an actual shift in context. 

The right panels of fig. 4 describe the inferred life context for each agent of the second pair (including 

a BP agent). After around 40 trials, both agents shift from a Cooperation to a Neglect context. The 

latter lasts only for a few trials when it is replaced by a Competition context. Altogether, as many as 8 

contexts alternate, highlighting a marked instability. Moreover, consider the BP agent during trial 50 

to 90. Within this interval, although a Competition context is usually inferred by the BP agent, 

inference appears as markedly unstable, in as much as several trials are attributed to the Neglect 

context. Overall, interactions appear as highly unstable for the second pair of agents. Why? This 

derives from the BP’s tendency to interpret occasional behavioural inconsistencies not as noise, but as 

real context shifts. When the BP agent infers a context shift, she reacts accordingly, and this reaction 

is in turn recorded by the other agent. Insofar as now both agents believe that the context has changed 

and act accordingly, the final result will be an actual context shift. This is a form of self-fulfilling 

prophecy: it is the BP agent’s conviction that the context has changed (leading the BP agent to act 

accordingly and eliciting a reaction by the other agent) that ultimately causes an actual change in 
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context. The new context lasts until, again, by chance the other agent performs an inconsistent 

behaviour which is interpreted by the BP agent as a true context shift. This simulation offers a 

computational analysis of the nature of dysfunctional interpersonal cycles experienced by BP patients. 

The ECMBP proposes that, because of an excessive weight attributed to cues, BP patients often 

misinterpret others’ actions, leading to frequent shifts in how they interact with others. These dramatic 

interpersonal shifts would prevent the dyad to maintain stable interactions. Not surprisingly, despite 

the best of effort, experiencing such unstable interpersonal cycles would lead many people not 

affected by BP to break their relationship with BP patients (Dimaggio et al., 2007; Fonagy & Luyten, 

2009; Liotti, 2014; Semerari & Fiore, 2007).  

In summary, this simulation examines the computational mechanisms at the root of interpersonal 

dysfunctions characterising BP. The picture is consistent with a view of BP as characterised by an 

ambiguous (within-situation) interpersonal pattern which, depending on how the other person acts, 

can result in very different behaviours, producing a sort of reliable instability (Schmideberg, 1959; 

Hopwood, 2018). Notably, the same simple idea proposed above (that overweighting cues is at the 

core of BP) offers insight also on the nature of interpersonal dysfunctions in the disorder.  

 

Discussion 

The paper introduces the ECMBP, a computational theory of BP which attempts to describe the 

disorder globally and ecologically, going beyond the processes at play in specific tasks or 

circumstances. The key idea is simple: at the heart of BP is proposed to be an excessive emphasis on 

cues. Remarkably, this idea can account for a variety of characteristics of BP, from the manifestation 

of extreme oscillations in identity, affect, and behaviour, to dysfunctional interpersonal cycles. 

This proposal raises an obvious question: where would the alleged overemphasis on cues come from 

in BP? Though a systematic answer goes beyond the scope of the manuscript, two broad influences 

can be postulated: genetic factors (some individuals might be genetically predisposed to rely heavily 

on available cues) and past experience. Bayesian psychological theories often presuppose that, besides 
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genetic influences that might constitute important constrains, a model employed in the present reflects 

experience collected in the past (Oaksford & Chater, 2007). Psychopathology would ensue when a 

dysfunctional model is built upon abnormal past experience and is translated into the present, when 

now experience is not abnormal anymore. Applying this logic to BP, substantial evidence indicates 

that neglect, (physical and psychological) abuse, and traumas are common in the infancy of BP 

sufferers (Fossati et al., 1999; Ball & Links, 2009; Widom et al., 2009). This early experience might 

favour the development of a model characterised by an overemphasis on cues, possibly because such 

experience, given its extreme and volatile nature, requires to leverage strongly on available cues to 

come up with a fast assessment of the situation and deal with it effectively. 

The variety of BP characteristics that can be captured by the ECMBP is notable. Is the ECMBP 

sufficient for explaining all facets of BP? The answer is clearly no, if only because the theory is 

unable to explain the heterogeneity of the disorder (Grant et al., 2008; Lieb et al., 2004). However, the 

ECMBP might still offer some insight on such heterogeneity. Arguably, people vary widely regarding 

the generative model proposed here, namely regarding which life contexts are available as options and 

regarding their link with cues. This is to be expected also among BP patients; exploring it might offer 

insight on the computational mechanisms characterising specific subgroups of patients: for example, 

different subgroups might vary regarding which specific cues are overweighted more than others. 

Another aspect which is problematic for the ECMBP concerns the discriminant validity of the concept 

of BP. Recent evidence indicates that, when examined in the context of other personality disorders, 

BP symptoms do not represent a specific factor, but rather reflect a general dimension (Sharp et al., 

2015). Moreover, BP symptoms correlate with all facets of the DSM-5 trait model (Watters et al., 

2019), and BP is sometimes indistinguishable from a general factor of psychopathology (Gluschkoff 

et al., 2021). These observations have led some scholars to suggest that BP should be considered as 

reflecting the severity of a general dimension of personality disorder, rather than a specific class of 

personality disorder (Clark et al., 2018). This has implications for the ECMPB: it raises the possibility 

that the mechanisms proposed by the model might not be limited to a certain class of personality 

disorders, but rather reflect a general factor characteristic of personality disorders as a whole. This 
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possibility remains to be examined empirically: the above empirical literature discussed in support of 

the ECMPB (e.g., Fineberg, et al., 2017; 2018; Franzen et al., 2011; Henco et al., 2020; King-Casas et 

al., 2008; Siegel et al., 2020; Unoka et al., 2009) does not examine BP in the context of other 

personality disorders, thus being inappropriate to assess whether the reported effects are specific of 

BP. 

The ECMBP requires nuances also concerning the distinction between positive (e.g., cooperation) and 

negative (e.g., competition) contexts. As it is now, the ECMBP implies that BP patients will be 

equally affected by cues belonging to either type of context. However, there is evidence that these 

patients are more likely to retrieve memories about malevolent individuals (Nigg et al., 1992), and 

that they fail to update their beliefs about harmful people when positive information is provided 

(Siegel et al., 2020). This evidence can be reconciled with the ECMBP by postulating an asymmetry 

between cues belonging to positive and negative contexts, with the latter being weighted more than 

the former during inference.  

Besides explaining available data, the ECMBP aims at inspiring new empirical research. For example, 

the model proposes that BP’s exaggerated cue influence is general, and thus at play across domains; 

this remains to be assessed empirically. However, the ECMBP does not implicate that all domains are 

equal: some may reveal higher cue influence than others. In addition, as argued above, different BP 

patients might vary regarding which contexts are characterised by higher cue influence. In general, 

domains where BP’s cue influence might be particularly high might be those that are particularly 

salient (e.g., emotionally charged) and those that are less familiar (e.g., novel environments). With 

this regard, it has been recently shown that people with personality pathology tend to be more 

confident about the mental states of others than about their own mental states (Müller et al., 2021). 

Assuming that people are generally less familiar about others than about themselves, the ECMBP can 

interpret this finding as due to higher cue influence in less familiar domains. Another aspect where the 

ECMBP can contribute to empirical research concerns the question of how high cue influence 

develops in the first place. A possibility is that early experience of neglect, (physical and 

psychological) abuse, and traumas might favour the development of a model characterised by an 
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overemphasis on cues, possibly because such experience, given its extreme and volatile nature, 

requires to leverage strongly on available cues to come up with a fast assessment of the situation and 

deal with it effectively. The link between early trauma and cue influence remains to be explored 

empirically. 

The ECMBP can help understanding how clinical interventions for BP work, potentially contributing 

to develop better treatments. For example, a well-established rule for treating this disorder is the 

involvement of multiple therapists for one patient (Bohus et al., 2004). This rule is based on the 

expectation that, at some point during the therapy, a patient will conflict with each therapist. If one 

therapist is alone, interruption of the therapy is the most likely outcome of the conflict. Conversely, if 

multiple therapists are engaged, because conflict is unlikely to involve all of them simultaneously, 

conflict can be managed without interrupting the therapy, eventually improving the treatment 

outcome. The ECMBP offers a mathematical interpretation of the interpersonal cycles experienced by 

the BP, which might be engaged also during therapy and be a source of conflict. By highlighting a 

dramatic propensity towards unstable interactions, this picture is consistent with the benefits of 

engaging multiple therapists in the intervention to manage conflict effectively and prevent 

interruptions.  

Our proposal builds upon prior work adopting computational modelling to explain mental illness. 

Within this literature, several approaches have been proposed; it is important to emphasise which 

specific approach is followed by the ECMBP. One approach relies on assessing behaviour of healthy 

individuals and patients against optimal performance, and on claiming that healthy individuals get 

closer to optimality than patients (Redish & Gordon, 2016). Another common approach assumes that 

cognitive processes of both healthy individuals and patients can be treated as optimal, for example as 

expression of Bayesian inference (e.g., Fletcher & Frith, 2009; Friston et al., 2014; Powers et al., 

2017); the ECMBP follows the latter approach. Another distinction in the literature is between models 

relying on decision-making (or reinforcement learning) (e.g., Huys et al., 2015), claiming that the key 

features of psychopathology emerge specifically in contexts where choice and reward are engaged, 

and models relying on more general processes such as inference, claiming that key features of 



19 
 

psychopathology emerge also in contexts where no choice and reward are involved (e.g., Fletcher & 

Frith, 2009; Friston et al., 2014). Based on empirical evidence showing that key aspects of BP emerge 

even outside decision-making (e.g., Neustadter et al., 2019), the ECMBP focuses on inference 

processes and not solely on choice (or reward) problems. Note that the ECMBP is agnostic about the 

precise mechanisms adopted by the brain to perform Bayesian inference. With this regard, the 

literature has considered several alternative processes such as predictive coding (based on variational 

approaches) or sampling methods (Rabinovich et al., 2012); inference in the ECMBP can be 

implemented adopting either method, and the key insights offered by the model remains unaffected by 

which method is chosen. 

In conclusion, the ECMBP advocates a simple process as being at the core of BP, namely an 

excessive weight attributed to cues. This model integrates traditional perspectives on BP with recent 

research adopting a computational approach (Fineberg, et al., 2017; 2018; Franzen et al., 2011; Henco 

et al., 2020; King-Casas et al., 2008; Siegel et al., 2020; Unoka et al., 2009). By investigate how 

patients perform judgement and decision-making tasks, computational research has offered 

tremendous insight but has also remained somewhat confined to rather specific domains. The ECMBP 

attempts to broaden the perspective and to offer a computational framework to interpret BP during 

everyday life, as it unfolds in ecological contexts. 
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Fig 1. Graphical model proposed by the ECMBP. Variables (represented by circles) include the Past 

Life Context (LCP), the Current Life Context (LCC) and cue variables (CA, CB, and CM). Arrows 

indicate probabilistic dependencies among variables. 
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Fig. 2. Results of the first model simulation. Three agents are described, each characterised by a 

specific level of Mutual Information (MI) between LCC and CA (BP is proposed to be associated with 

high MI). Over trials, a Cooperation cue is always observed except for trial 5, 13, and 20, when a 

Betrayal cue is observed. 
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Fig. 3. Results of the second model simulation. Three agents are described, each characterised by a 

specific level of Mutual Information (MI) between LCC and CA (BP is proposed to be associated with 

high MI). Over trials, a Cooperation cue is always observed except for trial 5, 13, and 20, when a 

Betrayal cue is observed. 

 

 

 

 

 

 

 

 

 



29 
 

 

Fig. 4. Results of the fourth simulation. Two pairs of interacting agents are described. For the first 

pair, both agents are characterised by low Mutual Information (MI) between LCC and CA. For the 

second pair, agent two is characterised by low MI, while agent one (labelled as BP) is characterised 

by high MI. On every trial, the inferred LCC is reported for each agent, corresponding to the category 

of LCC associated with the highest posterior probability (1 = Cooperation; 2 = Neglect; 3 = 

Competition). 
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