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Abstract

Modeling psychopathology as a complex dynamic system represents Borderline Personality

Disorder (BPD) as a constellation of symptoms (e.g., nodes) that feedback and self-sustain

each other shaping a network structure. Through in silico interventions, we simulated the

evolution of the BPD system by manipulating: 1) the connectivity strength between nodes

(i.e., vulnerability), 2) the external disturbances (i.e., stress) and 3) the predisposition of

symptoms to manifest. Similarly, using network analysis we evaluated the effect of an in

vivo group psychotherapy to detect the symptoms modified by the intervention. We found

that a network with greater connectivity strength between nodes (more vulnerable) showed

a higher number of activated symptoms than networks with less strength connectivity. We

also found that increases in stress affected more vulnerable networks compared to less vul-

nerable ones, while decreases in stress revealed a hysteresis effect in the most strongly

connected networks. The in silico intervention to symptom alleviation revealed the relevance

of nodes related to difficulty in anger regulation, nodes which were also detected as

impacted by the in vivo intervention. The complex systems methodology is an alternative to

the common cause model with which research has approached the BPD phenomenon.

Introduction

Psychopathology network theory is a recent proposal for the conceptualization and modeling

of mental health problems [1, 2]. The core of the theory is that the symptoms of mental disor-

ders, which constitute the biopsychosocial problems characteristic of psychiatric diagnoses,

are mutually caused [1, 3]. For example, in a person with Borderline Personality Disorder

(BPD), which is characterized by instability in interpersonal relationships, self-image, and

affections, as well as impulsivity that is accentuated at the beginning of adulthood and occurs

in various contexts [4], a relationship breakup event can trigger efforts to avoid abandonment,
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which can range from excessive attachment to the partner, to threats, psychological manipula-

tion, or self-harm. In turn, these problems can be accompanied by very intense emotional

reactions (i.e., anger) that influence the manifestation of extreme problematic behaviors (i.e.,

substance use), and which could end in a suicidal attempt (for example, breaking up! avoid

abandonment! anger! substance use! suicide attempt). Due to the multivariate nature of

mental disorders and the multiple interconnections between symptoms, the psychopathology

network theory proposes that their components and association patterns can be studied from

network structures, in which the nodes constitute the symptoms of the disorder and the edges

represent bivariate relationships between symptoms, which are statistically controlled by other

variables in the network [1]. The network structure allows mental disorders to be conceptual-

ized as a symptoms constellation that feedback and self-sustain each other, which contrasts

with the traditional perspective of psychopathology that considers symptoms as manifestations

of a common latent cause (e.g., self-harm, impulsivity, emotional dysregulation -among other

problems- occur because of BPD).

The study of psychopathology as networks has advantages over the common latent cause

model. Probably the most important being that it allows psychopathology to be characterized

at the systems level [2], which implies that instead of reducing the study of the phenomenon by

analyzing its components, the overall functioning of the system can be studied, as well as its

topology or structure. This raises the possibility of investigating from a new perspective differ-

ent phenomena such as vulnerability, intervention simulation, and resilience, among others

[5–7]. A case that exemplifies the advantages of characterizing psychopathology as a complex
and dynamic system is Major Depressive Disorder (MDD). MDD can be identified as complex
because the outcomes of the initial configuration of relationships between symptoms are not

usually identifiable if the disorder symptoms are investigated on an individual basis; and

dynamic because interactions in the symptom network evolve in individuals over time [5]. Cra-

mer’s study simulated the within-subject dynamics in the symptom network of MDD, to iden-

tify the effect of two in silico interventions (performed via computer simulation): 1)

manipulating the network architecture in terms of the connectivity strength between nodes

that represent symptoms of the disorder (network vulnerability), and 2) exposing the network

to external forces that disturb its dynamics such as stress. The study found that individuals

with greater strength in the connection between symptoms have more vulnerability to develop-

ing MDD. Likewise, a vulnerable network was more likely to end up in a depressed state com-

pared to a less vulnerable network (with less connection strength between symptoms) when it

was disturbed by external influences such as stress [5]. The term in silico interventions refers to

the use of computer simulations to model the behavior of a system (e.g., the BPD symptom

network), and explore the potential effects of intervening in a controlled way on its compo-

nents (e.g., what would happen to the BPD network if we modified the strength of the relation-

ship between its symptoms?). In silico interventions require the formalization (mathematical

and/or computational) of the components and relationships that make up the system under

study (e.g., formalization of a BPD network theory). Formalization limits the vagueness and

ambiguity of verbal explanations of phenomena and makes it possible to accurately deduce the

behavior implied by the theory. Many researchers today have proposed that the formalization

of theories on mental disorders (which allows in silico interventions) is an essential require-

ment to achieve the aims of explaining, predicting, and controlling these problems [8–10].

Another psychiatric disorder in which the network methodology has been implemented is

BPD. To date, research on networks and BPD has focused mainly on exploring the network

topology, through the calculation of centrality indices, among which the strength measure of

the node stands out, which consists of adding the absolute weights of the connections for each

node [1]. Using this metric, network studies have found that affective instability and identity
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problems are the nodes with the highest strength in the BPD symptoms network [11–14]. This

partly coincides with the Dialectical Behavioral Therapy (DBT) theoretical model, which con-

ceives the disorder as a pervasive problem of emotional dysregulation, which occurs through

the transaction between the individual emotional vulnerability and the invalidating social envi-

ronment [15]. Self-functioning is also related to the psychodynamic perspective of personality

organization or structure, which through the lens of the object relations theory has integrated

developmental, neurobiological, and attachment theory findings for the understanding of self

and interpersonal functioning [16]. Although there are other metrics to investigate the net-

work centrality, such as closeness, betweenness, or degree, these measures are based on the

structure of the network and do not explicitly consider its dynamics, a current proposal to take

this dimension into account is the use of in silico interventions to alter network characteristics,

for example systematically decreasing (or increasing) the predisposition of a symptom to man-

ifest, would allow studying the projected effect of the symptom on network behavior [17].

With this methodology it is possible to investigate what would happen in the system if a spe-

cific symptom were intervened, that is if there would be an effect on the total sum of symptoms

activated in the network after alleviating or aggravating a certain symptom; which could give

the possibility of identifying potential treatment or prevention targets in the real clinical con-

text (in vivo interventions).

To our knowledge, none of the aforementioned simulation methods have been imple-

mented for BPD so far, so the aim of the present study was to implement simulations (in silico
interventions) to model vulnerability, stress response, and potential intervention targets in the

BPD symptom network. In addition, DBT is known to be an effective intervention for BPD

[18], however, it is unknown which of the symptoms’ network the components of this therapy

influence. To validate the results of in silico interventions, we investigated the correspondence

between the in silico intervention results (alleviating or aggravating specific nodes) in the BPD

symptom network and the symptoms impacted by an in vivo DBT intervention in patients.

Specifically, the four aims of our study are listed below:

1. Examine through simulations the impact of manipulating vulnerability (connectivity

between symptoms) on the behavior of a within-subject network of BPD. To determine if a

system with greater connectivity between symptoms would more easily end up in a severe

state of symptomatology of the disorder.

2. Explore the effect of manipulating (increasing or decreasing) stress on the BPD symptom

network. To assess the dynamics of the change from a state of little or no symptoms severity

to one of greater severity.

3. Evaluate the projected effect of simulated interventions (in silico) of aggravating and allevi-

ating specific symptoms, on the global behavior of the BPD symptoms network, to deter-

mine potential in vivo intervention targets.

4. Assess the effect of the DBT skills training group through network analysis to determine the

symptoms directly related to the intervention and explore the possible correspondence

between results of in silico and in vivo interventions.

Materials and methods

Data

For the first three aims, we used the open data from von Klipstein [19], which includes 683

subjects diagnosed with BPD from four different longitudinal studies that evaluated various

treatments [20–24]. Although the studies made multiple measurements during different
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periods, the four papers evaluated BPD symptomatology during the baseline with the semi-

structured interview BPDSI-IV, which consists of 70 items that record the 9 BPD symptoms

defined by the DSM-IV on an 11-point scale, ranging from “never” to “daily”. The BPDSI-IV

has good reliability and validity indices [25, 26]. Only the baseline measurements of the 683

patients in the 70 interview questions were used, and a classification of 1 was made for

responses with a score equal to or greater than the average for that symptom and 0 for

responses below that threshold. Lost data were imputed with the median of the variable and

were subsequently binarized with the described criteria.

For the fourth aim, data from 127 patients with BPD recruited at the Instituto Nacional de

Psiquiatrı́a Ramón de la Fuente Muñiz in Mexico City were used. The patients underwent the

DBT skills training group and the effect of the intervention was recorded with the self-report

instrument Borderline of Severity Evaluation over Time (BEST) [27] applied before and after

the intervention. More details about the sample and the intervention can be found in another

publication [28]. The BEST test consists of 15 multiple-choice questions, the first 12 assess neg-

ative thoughts, feelings, and behaviors related to BPD symptoms, and their response categories

range from Not at all = 1 to Extreme = 5. While the last three questions measure positive

behavior that may indicate the effectiveness of the intervention. For the purposes of the statisti-

cal analysis carried out in this work, only the answers to the first 12 items were considered,

since they are the questions that measure the main BPD symptoms according to the DSM-IV.

Missing cases were substituted for the median and responses with no transformations were

used for analysis as they were obtained from the participants. Both data sets were acquired

with the consent of the participants and all procedures were performed in accordance with the

Declaration of Helsinki.

Simulation 1: Examine the vulnerability of the BPD network

First, a between-subjects network of BPD symptoms was built, with the measurements of the

nine characteristic symptoms obtained using the BPDSI-IV. With the empirical parameters

estimated in this network, the within-subjects dynamics of the disorder over time were simu-

lated in three individuals (three systems) with different levels of vulnerability. By manipulating

the connectivity strength between nodes in the network, an individual with little vulnerability

(system with weak connectivity), another with moderate vulnerability (system with medium

connectivity), and a third with high vulnerability (system with strong connectivity) were simu-

lated. The simulation started with zero activated symptoms and then evaluated how the system

evolved over time assuming that the symptoms can cause each other, for example mood insta-

bility (i.e., feeling irritable), can lead to an outburst of anger. The hypothesis is that more vul-

nerable individuals (systems with greater connectivity) will more easily develop a greater

number of activated symptoms than the less vulnerable [5].

Empirical parameters. With the Ising model developed for binary data and implemented

in the R package IsingFit [29], the parameters of an inter-individual network of the 70 symp-

toms and sub-symptoms measured with the BPDSI-IV were estimated in a sample of 683

patients (Fig 1). The Ising model estimates two sets of parameters: thresholds and weights [30].

The thresholds determine the disposition of a symptom to be on or off, positive values indicate

the disposition to be activated when the other symptoms are absent, while negative values indi-

cate the disposition to be deactivated. And the weights reflect the connection between two net-

work symptoms, higher values indicate that the symptoms prefer to be in the same state, while

lower values indicate that they prefer opposite states, and a weight of zero indicates that there is

no connection between the symptoms [5]. The parameters of the Ising model are estimated

using logistic regression analysis, in which the probability that a symptom is activated depends
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on all the other symptoms. The thresholds correspond to the intercepts of the logistic model

and the weights are the regression coefficients that estimate the relationship between a specific

symptom and another when the other symptoms in the model are deactivated (i.e., when they

are zero). The parameters are regularized through the l1 penalty, which implies that the coeffi-

cients can take a value of zero depending on the size of the hyperparameter λ, which for this

analysis was selected with the Extended Bayesian Information Criterion (EBIC). The stability of

the network and its parameters was analyzed with 4000 repetitions of the case-dropping boot-
strap technique and the calculation of the Correlation Stability coefficient (CS-coefficient) [31].

Formal model of BPD dynamics. The model presented in simulations 1 and 2 is an adap-

tation of Cramer’s proposal for MDD but implemented for Borderline Personality Disorder

[5]. The model assumes that 1) symptoms can be active or inactive, 2) activation of symptoms

occurs over time (i.e., first the patient may feel empty, and then this may lead to self-harm),

and 3) the activation of a symptom depends on the activity of neighboring symptoms. Regard-

ing the validity of the assumptions underlying the formal model, it can be mentioned that they

are in tune with the principles of the network theory of mental disorders [1], and with the

assumptions of the Ising statistical model that was used to obtain the parameters that allow

building the network of symptoms [32]. They are also the same assumptions used in Cramer’s

original model for MDD [5].

Fig 1. Between-subjects network of Borderline Personality Disorder estimated with the Ising model. The nodes represent the 70 symptoms/sub-

symptoms of the BPDSI-IV instrument, and the edges reflect positive dependencies between the symptoms: a tendency between the symptoms to stay

in the same state of activation (e.g., both symptoms on). The colors of the nodes reflect the category of the top 9 BPD symptoms to which a symptom

belongs. While the edges indicate the strength and direction of the relationship between the symptoms, the darker blue color and the more saturated

edges indicate a stronger dependency between nodes.

https://doi.org/10.1371/journal.pone.0289101.g001
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The total activation function formalizes the BPD dynamics in the following expressions:

At
i ¼

XJ

j¼1

Wi;jX
t� 1

j

The function At
i is the total amount of activation that symptom i receives at time t, which is

defined as the sum of the state of all neighboring symptoms X at time t − 1 weighted by W,

which represents the matrix of the weights acquired with the Ising model. The term Wi,j indi-

cates the logistic regression coefficients between the symptoms i and j obtained empirically for

the J = 70 symptoms. The term X contains an array of 0’s and 1’s that indicate which symptoms

are (de)activated at the prior moment (t − 1) to the calculation of the total amount of

activation.

To obtain the probability that a symptom becomes active at a given time, we use the follow-

ing logistic function:

PðXt
i ¼ 1Þ ¼

1

1þ eðbi � At
i Þ

The function indicates that the probability that a symptom i is active at time t depends on

the difference between the total activation of neighboring symptoms and the threshold of

symptom i. If the received activation (At
i) is greater than the threshold of the symptom (bi), the

probability of the symptom being activated increases, while if the received activation is lower

than the threshold, this probability decreases. The threshold of the symptom bi is the absolute

value of the empirically estimated parameter, that is, the intercept of the logistic regression

model. In short, a symptom that has little resistance to activation by neighboring symptoms is

more likely to be active.

Simulation setup. To investigate the vulnerability in the system, the connectivity between

the symptoms was manipulated through the parameter c that modulates the amount of activa-

tion that a symptom can receive. The total modified activation function is shown below:

At
i ¼

XJ

j¼1

cWi;jX
t� 1

j

The c parameter represents the factor by which the network connectivity is modulated, val-

ues less than 1 indicate weakening, and values greater than 1 indicate a strengthening of the

connections. As a starting point, we consider all the symptoms deactivated and we simulate

1500 points in time. In each simulation, the state of the network was monitored by calculating

the sum of activated symptoms as well as the probability of activation of each symptom. For

the next time point the status of each symptom, whether it was active or inactive, was obtained

using the probabilities from the previous iteration. The sum of activated symptoms was a mea-

sure of the entire system D = ∑(X). The higher the sum the more distressed the system was

considered.

Simulation 2: Investigate the influence of external stressors

The purpose of the second simulation is to assess the responses of BPD systems that vary in the

degree of vulnerability (connectivity) to stress manipulation, in order to record the dynamics

of change from a state of little or no symptom severity to one of greater severity.

Simulation setup. For the second simulation, we used the same configuration as the first,

however, the parameter St
i was included, which represents systematic increases (or decreases)

in the stress of the network, the higher the value of St
i is the greater the value of the total
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activation function.

At
i ¼

XJ

j¼1

cWi;jX
t� 1

j þ St
i

Therefore, the total activation function indicates the sum of the activation received by a cer-

tain symptom, which, as presented in simulation 1, can vary depending on the level of vulnera-

bility of the network. For this simulation, four levels of connectivity were modified to

represent within-subjects networks with weak (c = 0.2), medium (c = 1.1), strong (c = 3.0), and

extreme (c = 10.0) vulnerability. We simulated 10,000-time points where the parameter St
i was

included with gradual changes from -15 to 15 to represent increase in stress, and over a range

of 15 to -15 to represent decrease in stress. In each simulation, the global state of the network

was obtained with the sum of all the symptoms activated (D = ∑(X)), and the impact of the

parameter S on the behavior of the system was measured with the calculation of the average

number of active symptoms at a given point in time t. Averages were obtained at intervals of

approximately 0.15 of change in stress level and increases and decreases were differentially

quantified.

Simulation 3: Evaluate the effects of intervening specific nodes

The first two simulations are based on altering the connectivity of the system (c W) to rep-

resent individuals with different levels of vulnerability, on the other hand, the third simula-

tion modifies the disposition of individual symptoms to manifest without affecting

connectivity. In other words, the third simulation decreases or increases the threshold of

each symptom to emulate what would happen in the system if a specific symptom were

intervened in one of two directions: alleviating or aggravating. In general, therapeutic inter-

ventions do not seek to increase symptoms; however, this exercise would make it possible

to identify important nodes in the network that could be potential targets for intervention

or prevention of BPD.

Simulation setup. The simulation was run with the nodeIdentifyR (NIRA) algorithm,

implemented with the R package of the same name [17]. The NIRA performs multiple simula-

tions in which interventions are administered by systematically modifying the thresholds of

each symptom estimated in the original network model (Fig 1). The algorithm generates 5,000

simulated patients for whom symptom measurement was performed after performing the

intervention. Implemented to the [19] data, this method generated 71 X 5000 observations,

once with the original network parameters and 70 times for each alteration of the individual

thresholds. Two types of interventions were carried out: 1) alleviating interventions decrease

the disposition of a symptom to manifest by subtracting an amount from the original value of

its threshold parameter and 2) aggravating interventions increase the disposition of a symp-

tom to manifest itself by adding a quantity to the original value of the symptom’s threshold
parameter. In the present simulation, we obtained the standard deviation of all thresholds and

decided to subtract it twice for the alleviating intervention and add it twice for the aggravating

intervention [17]. After the intervention of each symptom, the average number of activated

symptoms was calculated as a measure of the impact that specific disturbances had on the

global BPD system. And the NIRA score was calculated as the absolute difference between the

average of the scores without intervention and the average after the interventions. The node

with the greatest difference is the symptom with the greatest projected effect on the behavior

of the network.
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Results

Results of simulation 1: Vulnerability of the BPD network

The hypothesis of this simulation was that increasing vulnerability, by increasing the connec-

tivity of the BPD within-subjects network would more easily increase the number of symptoms

activated in the system, causing a generalized state of distress (D). The results are consistent

with the hypothesis, the strong connectivity system (c = 3.0) had an average of 51 points out of

70, 72.9% activation of the network, with scores ranging mainly between 40 and 60 points of

the state of distress (D). In the lower part of (Fig 2), the strong connectivity system quickly

reached its average activity, and once at that level, its behavior was stationary (without drastic

changes in its mean and variance, nor trend or periodicity). The middle part of Fig 2 shows the

results for the moderate connectivity system (c = 1.1), which had an average activity of 26.5 out

of 70, 37.9% network activation; the values of this simulation were in a range of 13 to 39 and

mainly stayed between 20 and 40 points. Finally, the upper part of Fig 2 shows the state of the

network with weak connectivity (c = 0.2), which had an average activity of 16.8 points out of

70 possible, with 24% network activation. The scores for this simulation ranged from 6 to 29

and remained mostly between 10 and 25. It should be noted that in none of the 3 simulated

cases did the network activation score reach its minimum (D = 0) or maximum value (D = 70).

However, a wide range of activation did occur from 6 and up to 60 points, 8.6% and 86.7% of

total activation of the network respectively. This could suggest that rather than going from

attractor states (from no symptoms to all symptoms) the state of distress in the network (D) is

a continuous variable rather than categorical.

Results of simulation 2: Influence of stress on the system

For this simulation there was no concrete hypothesis, rather we set out to explore the potential

effects of gradually increasing or decreasing stress, on the state of BPD symptom networks that

differ in their level of vulnerability. Both increases and decreases in stress in weak or moderate

connectivity systems (c = 0.2 and c = 1.1) had very similar effects on the level of network activa-

tion. It is observed that when the stress is negative, the state of the network is practically inactive

(D = 0), but in the transition from negative to positive stress values, from -.15 to.15, there is a

dramatic change in the behavior of the network, which goes from being with zero activation to

values of 60 activation points or more (Fig 3, weak and medium panels), while the reverse pat-

tern exists when it comes to stress reductions (e.g. drastic change of complete to null activation).

On the other hand, the simulation of the case with strong connectivity reveals an interesting

behavior when the stress is reduced, in the range of.15 to -.15 the activation of the network also

drops dramatically, however it does not drop until the lowest level of distress, but it is reduced

from approximately 70 to 19 points of D and later in the range of values less than -.15 its activity

decreases to zero (Fig 3, strong panel). This observation led us to simulate a fourth case, a system

with extreme vulnerability (c = 10.0), which shows great resistance to falling in its activation

level, the transition of stress values of on average.15 at -.15 it only roughly reduces the activation

of the network from 70 to 51 points, in the next range of -.15 on average the network decays

from 51 to 31 points and from 31 to 10 points in the following decrease range, to finish at the

level of zero activation up to the stress range of -.45 to -.60 (Fig 3, extreme panel). This behavior

of resistance to returning to a baseline level of activation even when the stress level in the net-

work has been reduced is similar to that observed in depression systems [5] and has been called

hysteresis. It is worth emphasizing that this behavior pattern is specific to decreases in stress

since increases only show a sharp transition when crossing the zero threshold (Fig 3). Meaning

that, even with a decrease in stress, symptoms may resist improvement.
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Results of simulation 3: In silico intervention to specific nodes

This simulation has the potential advantage of identifying the projected importance of specific

nodes in the BPD symptom network. The symptom alleviating intervention identified nodes

6.5 (how often did you notice your mood fluctuate toward feeling angry?), 6.2 (how often did

you notice your mood fluctuate toward feeling irritable?), 7.2 (how often did your emptiness

Fig 2. Within-subjects vulnerability to BPD. The activation dynamics over time of three simulated within-subjects networks are shown, which

suffered from the manipulation of the empirically estimated connectivity parameters. The three panels show the behavior dynamics in the network

under different levels of vulnerability, the X axis represents the time, and the Y axis the number of activated symptoms (D). The top panel shows activity

when connectivity is weak, representing a system with low vulnerability, the middle panel shows moderate connectivity and vulnerability scenarios, and

the bottom panel shows strong connectivity and vulnerability. The higher the time series indicates, the more symptoms are activated.

https://doi.org/10.1371/journal.pone.0289101.g002
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or boredom prevent you from doing something you wanted to do?) and 3.2 (To what extend

did it happen that the idea of who you are, changed strongly?), as the four symptoms that,

when reduced with an intervention, would have the greatest effect on the global state of the

network, would allow the system to change from an activation of on average 24.2 to around

23.6 (Fig 4A). While the symptoms aggravating intervention identified nodes 1.2 (how often

did you act frankly, to prevent someone from leaving you?), 6.1 (how often did you notice

your mood fluctuate towards feeling depressed or dejected?), 8.4 (how often were you so angry

that no-one could approach you or reason with you?) and 9.2 (how often did your surround-

ings seem strange or unreal?) as the four symptoms that would have the greatest effect on the

network if they were worsened, these nodes would increase the total activation score of the net-

work from 24.2 to approximately 24.6 (Fig 4B).

In the context of in silico interventions, it could be hypothesized that the greater the disposi-

tion of a node to manifest itself, the greater the projected effect of that node. To identify this

relationship, the Pearson correlation between the thresholds of the symptoms and the NIRA

score was calculated, which is obtained by calculating the absolute difference between the

Fig 3. Influence of stress on the BPD system. The results of four simulations in which stress is gradually increased or decreased in systems that vary in

their level of vulnerability are shown. The X axis represents the stress that increases or decreases in average intervals of 0.15, and the Y axis shows the

state of the network from zero activation D = 0 to full activation D = 70. The red line represents the behavior of the system when faced with increases in

stress, while the dotted blue line indicates the decrease in stress. It is worth noting the hysteresis pattern shown in the Strong and Extreme connectivity

panel.

https://doi.org/10.1371/journal.pone.0289101.g003
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average of the scores without intervention and the average after the interventions, and indi-

cates that the node with the greatest difference (i.e., more NIRA score) is the symptom with

the greatest projected effect on the behavior of the network. For the alleviating in silico inter-

ventions, the correlation between the NIRA and the threshold of each symptom was moderate-

high, r = .52, while for the aggravation interventions, this relationship was low, r = .18 (Fig 5

top). Similar to the above, a positive relationship between network centrality measurements

and the projected effect of a node would also be expected. The relationship between the

strength centrality measure and the NIRA score was investigated by calculating the Pearson

correlation coefficient for each type of intervention. When the interventions were alleviating,

the relationship between strength and the NIRA was moderate-low, r = .34, while when they

Fig 4. In silico intervention to specific nodes. The projected effects of the simulated interventions (alleviating or aggravating) to specific nodes are

shown. The X axis orders the nodes from most to least important in terms of the projected effect on the state of the network, while the Y axis registers

the level of activation of the system, the higher the score, the greater the severity of the disorder. Panel A shows the results for the alleviating

intervention and panel B for the aggravating intervention.

https://doi.org/10.1371/journal.pone.0289101.g004
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were aggravating, the relationship was moderate-high, r = .48 (Fig 5 bottom). Therefore, it can

be concluded that the strength centrality measure can provide similar information to the

NIRA, more in the case of aggravating interventions than alleviating. And in the case of the

thresholds of symptoms, it can be mentioned that particularly for alleviating interventions, this

parameter can provide information on the projected effect of a node, but this is not the case

for aggravating interventions. These results suggest that there may be key symptoms that if

treated would reduce the overall BPD severity by affecting the rest of the symptoms.

Results of the empirical study: Analysis of the in vivo group intervention

The network obtained with the MGM of the 12 items of the BEST instrument that assess the

severity of BPD symptoms can be seen in Fig 6. The network reveals negative connections

between the presence of the intervention (Treat) and the nodes B12 (temper outburst), B6

(feeling angry), B2 (shifting opinion of others), B3 (changes in self-image), and B4 (mood

swings). The strong connections between the treatment and nodes B3 and B12, which have a

content relationship with symptoms 3.2 (To what extend did it happen that the idea of who

Fig 5. Relationship between the thresholds, the measure of centrality strength and the NIRA. The NIRA is obtained by calculating the absolute

difference between the average of the scores without intervention and the average after the interventions. The node with the highest NIRA score is the

symptom with the greatest projected effect on the behavior of the network. The correlation of this statistic with the strength centrality measure (bottom)

and the thresholds of each symptom (top) are shown.

https://doi.org/10.1371/journal.pone.0289101.g005
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you are, changed strongly?) and 8.4 (how often were you so angry that no-one could approach

you or reason with you?) of the BPDSI-IV, identified as relevant symptoms in the in silico
interventions (Fig 4). Likewise, nodes B4 and B6, associated with the treatment, find parallel-

ism with nodes 6.5 (how often did you notice your mood fluctuate towards feeling angry?) and

6.2 (how often did you notice your mood fluctuate towards feeling irritable?) identified in sim-

ulation 3. Other relevant connections due to their strength of relationship are those that occur

between nodes B7 (feeling emptiness), B8 (feeling suicidal), and B10 (self-harm/suicide

attempt), they are also important because self-harm, suicidal desire, and suicidal attempts are

probably the most serious symptoms of the disorder. It is worth noting that node B7 on the

feeling of emptiness is also associated with nodes B3 and B4, which measure changes in self-

image and mood, and which in turn were strongly related to the presence of the intervention

(Fig 6).

Regarding predictability, nodes B3, B4, B7, B8, and B10 showed scores of explained variance

R2 greater than.5, while all the other nodes, with the exception of B2, had R2 >.4. In the treat-

ment node that is a categorical variable of two levels, the predictability can be evaluated with

the correct classification (CC), which was.83. These predictability scores suggest that the

Fig 6. Network obtained with the mixed graphical model to assess the relationship between BPD symptoms and the in vivo intervention. The

network shows the dependencies between disorder symptoms (circular nodes) and the intervention (square node). Blue connections indicate positive

relationships, while red ones indicate negative relationships. The width and intensity of the edge reflect the strength of the association. The circles that

surround each node are predictability measurements, the more circumference is covered reflects the greater predictability. The contour at the square

node is also a measure of predictability and indicates correct classification by the other nodes.

https://doi.org/10.1371/journal.pone.0289101.g006
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network was largely shaped by strong interactions between symptoms and less by other factors.

In terms of network stability, the 2500 bootstrap replicates revealed stability of the connection

between the intervention and node B12 temper outburst (mean = −.23, 95% CI = −.50,−.02), as

well as the intervention and node B3 changes in self-image (mean = −.23, 95% CI = −.50,−.02).

The stability of all connections and measures of centrality estimated with bootstraping can be

reviewed in S1 Appendix. On the other hand, the case-dropping bootstrap with 2500 repetitions

allowed us to calculate the CS-coefficient, which indicates the maximum percentage of cases

that can be discarded to maintain a correlation of 0.7 with at least 95% of the samples [31]. The

CS-coefficient for the edges was.44, which indicates that their interpretation should be done

with caution. For the centrality indices, the CS-coefficient of strength, closeness, and between-
ness, was .21, .13, and .05, respectively. Since these centrality measurements did not obtain

optimal coefficient values, it was decided not to include or interpret them.

Discussion

The present study had the aim of implementing three simulations to investigate: 1) vulnerabil-

ity, 2) the response to stress and 3) the in silico intervention to alleviate or aggravate symptoms,

in the Borderline Personality Disorder (BPD) system. Another aim was: 4) to analyze the rela-

tionship between an in vivo group intervention based on Dialectical Behavioral Therapy

(DBT) and the BPD symptom network. Regarding the first aim, we found that the within-sub-

jects networks of BPD symptoms were sensitive to the strength of the connections between

nodes, such that a network with greater connectivity showed a dynamic of a greater number of

activated symptoms in contrast to networks with moderate and low connectivity, thus reflect-

ing the behavior of systems that differ in their degree of vulnerability (the more connections

between symptoms the more vulnerable). Notably, regardless of the level of system connectiv-

ity, the state of the network never reached its highest or lowest distress value. The fact it did

not reach the highest level is understandable since there were nodes that did not show a con-

nection with the rest of the network, so it was not plausible that they would be affected by the

activation of the other nodes. However, it was possible that the activation of the system fell

completely (D = 0), but it was something that did not occur. This observation contrasts with

the simulations carried out for MDD where spontaneous remissions of system activity do

occur, which have been interpreted as subjects who recover without apparent cause from their

depressive state [5]. In the case of BPD, it seems that the activation of the system does not oscil-

late between attractor states (e.g., depressive versus non-depressive), but rather it keeps fluctu-

ating at a level of activation proportional to the vulnerability of the system. In clinical terms,

these observations could suggest that, at least in the short term, spontaneous remission is

unlikely to occur in BPD (although a 10-year course of BPD is characterized by high remission

rates [33]), and that the individual’s level of vulnerability could be a very consistent predictor

of the severity of their future psychopathology. However, both interpretations require empiri-

cal validation.

Regarding the second aim, the simulation showed that exposing a within-subject BPD net-

work to gradual stress increases causes a sudden fluctuation between opposite states, from zero

activity to full system activity, regardless of the level of vulnerability of the network. This

occurs specifically in the escalation of stress when the threshold that divides the negative and

positive values of the variable is exceeded. When the network is exposed to gradual decreases

of stress, an effect of hysteresis was observed in networks with strong and extreme vulnerabil-

ity, which consists of the tendency of the system not to decrease its activation despite having

removed the source of stress. This pattern was much more notable in the system with extreme

vulnerability compared to the one with strong vulnerability. This observation was consistent
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with what was detected in simulations for MDD and other systems [5, 34], and in the clinical

context, it could be interpreted as residual discomfort that occurs after a highly emotional

event. According to Linehan (1993), in the context of BPD, emotional vulnerability is consid-

ered to have the components of 1) hypersensitivity and 2) emotional hyperreactivity, and 3)

difficulty returning to baseline. The first two indicate that in individuals with BPD, little stimu-

lation is required to trigger an emotion and that when it manifests it does so in great magni-

tude; while the third point assumes that the emotion has a significant duration and a lot of

resistance to fade. The hysteresis behavior shown in the systems with the greatest connectivity

in our study could correspond to the third component of the emotional vulnerability proposed

in Dialectical Behavior Therapy (DBT), which in clinical terms could imply that patients with

greater connection strength between their symptoms would also tend to manifest greater diffi-

culty to recover from an emotional experience than patients with less vulnerability in their

system.

Regarding our third aim, three of the most important nodes detected in the simulations of

alleviating interventions were from the affective instability dimension, which content refers to

the experience of fluctuations in the emotions of anger and irritability; while for aggravating
interventions depression was the most important node. According to the biosocial theory of

BPD [15, 35], the emotional vulnerability of biological origin and social invalidation are the

elements that cause the pervasive emotional dysregulation characteristic of the disorder. How-

ever, to our knowledge, the theory does not propose differences in terms of the hierarchy that

could have certain emotional states with respect to others, which assumes that all emotional

states could be dysregulated in the same way and magnitude. Although the results of our simu-

lation are consistent with biosocial theory in general, our findings suggest greater relevance of

certain emotional states over others, in terms of the projected effect that their intervention

imposes on the network. In its dimension of emotional instability, the BPDSI-IV questionnaire

investigates mood fluctuations towards depression or dejection, irritation, anxiety, despair,

and anger, which is why it is noticeable that irritability and anger were detected as the most

important nodes in the BPD system in the modality of alleviating interventions. It is known

that these two emotions belong to the same semantic field and affective dimension and that

people are capable of discriminating between their frequency of occurrence despite the fact

that they are usually highly correlated [36]. Therefore, the results of the in silico intervention

could suggest that irritation and anger should have priority for in vivo intervention, more than

other emotional states such as anxiety, depression, or despair (however, it is worth mentioning

that the aggravating intervention suggests preventing mood swings towards depression).

Another reflection that can be drawn from the results of the in silico intervention is that the

understanding of emotional vulnerability proposed in the biosocial theory of BPD could be

refined in its description of the most relevant affective states to understand the generalized

emotional dysregulation in this disorder.

Regarding the fourth aim, the in vivo intervention with the DBT skills training group was

related to a decrease in outbursts of temper, feelings of anger, and changes in mood. Likewise,

it was related to a decrease in instability in the opinion about others and self-image. It should

be noted that DBT skills training teaches patients four main skills: 1) mindfulness, 2) emo-

tional regulation, 3) social skills, and 4) distress tolerance and crisis survival [15]. Mindfulness,

emotional regulation, and discomfort tolerance skills mainly coincide with the nodes impacted

by the intervention (e.g., emotional regulation skills are likely to impact changes in mood),

hence the interactions between nodes that were detected with the analysis were consistent with

what is theoretically expected. Mechanisms of change that have been proposed for DBT are

nonreinforced exposure, emotion regulation, attentional control, and decreased rule-governed

behavior [37], however, it is not known exactly what is the mechanisms mediating intervention
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and outcome. The present analysis could suggest that the mechanism of change that has the

highest hierarchy is, in fact, emotional regulation. Mindfulness, which is one of the central

strategies in DBT, impacts the emotional experience by modifying the automatic response ten-
dencies associated with emotions. For example when the patient experiences the emotion of

anger and intends to fight, the instruction of training is to observe, describe and participate in

the emotional experience without acting on it, so mindfulness has the potential to modify the

behavioral response and associated thought, in such a way that it has the potential to give the

affective experience a different meaning [37]. From a systems perspective, emotion regulation

is likely to decrease vulnerability by weakening the strength of the connection between nodes

rather than reducing the intensity of emotions (e.g., weakening the association between

experiencing a breakup and frantically avoiding abandonment).

In DBT, emotion dysregulation is one of the symptoms reduced in the initial phases of

treatment, nevertheless, the connection between treatment and nodes related to identity, could

stress the importance that psychotherapy should not focus only on emotional regulation abili-

ties, but also on identity consolidation in the face of diffusion or altered functioning of the self.

For DSM 5 (Alternative Model of Personality Disorders) altered functioning in the sense of

self (stability of self-image and self-esteem, accuracy of self-appraisal, capacity of emotion tol-

erance and regulation) has a central role in personality pathology, and is interesting that for

this approach, emotional regulation is incorporated in the identity construct [4]. According to

the object relations theory, it is proposed that identity disturbance and affective instability arise

from a biased representation of self in relation to others, and the use of primitive defenses,

such as intense behavioral manifestations of distress [16, 38]. Therefore, treatments which tar-

get identity diffusion or altered functioning of the self, such as Mentalization-Based Therapy

[39], Transference Focused Psychotherapy [40], Schema-Focused Therapy [22], and Good Psy-

chiatric Management [41], could also be effective to decrease the burden of the disorder.

Conclusion

Finally, the present work is a direct criticism of the common cause model of psychopathology.

Despite the hegemony of the common cause perspective, with some exceptions, the detection

of the causes of mental disorders, for example, through genetic methods or brain imaging (e.g.,

biomarkers), has given unpromising results [42–45]. The case of BPD is not the exception, the

empirical evidence does not point to unique causes of the disorder, for example, the psycho-

metric analysis suggests that it is a heterogeneous and inseparable construct from negative

affectivity [46]. Also, to date, no genetic or brain BPD etiology has been conclusively identified

[44, 47, 48]. Therefore, we suggest that the network approach may be a modern alternative to

the common cause model with which research has approached the BPD phenomenon. Despite

the positive aspects of the network approximation, this methodology is not free of limitations,

and some of these are part of the present investigation. For example, the models implemented

in this work (Ising and mixed graphical model) assume that the measurement has no error,

which could be unrepresentative of the nature of the self-report data (for example, people

could respond randomly and not according to their problem). Likewise, the Ising model

requires dichotomous data, although in the present study we used a binarization that reflected

those cases that were above the mean in particular symptoms, the practice of dichotomizing a

variable of more levels implies loss of information. Future studies could benefit from the use of

network models with latent variables [49] or with the development of in silico interventions

under the assumptions of models that allow ordinal or numerical variables. Another limitation

that applies to any group analysis (between-person), such as the one carried out for the in vivo
intervention, is the assumption that the structure of relationships detected at the group level
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can be generalized to individuals [50]. By definition, the analyses between-person investigate

individual differences that do not vary in a within-person manner on potential repeated mea-

sures [51]. Therefore if we were interested, as we are, in explaining intraindividual variation in

BPD (e.g., how does the emotional state evolve in a specific person with BPD? How long does

it take to return to a baseline emotional state?), studies are needed that carry out intensive lon-

gitudinal intra-person measurements. It is possible that considering each individual as a

unique system of interacting dynamic processes, we can advance in understanding the disorder

so that the treatment for a patient can be personalized in time and place [52].

Supporting information

S1 Appendix. Supplementary table. Stability of all connections and measures of centrality

estimated with bootstraping.

(XLSX)

Acknowledgments

Thanks to Gaby Lunansky for her valuable feedback for this work. Thanks to Josué Mendoza
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Validation: Said Jiménez, Eduardo A. Garza-Villarreal.

Visualization: Said Jiménez.
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