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Abstract

Personality detection aims to identify the person-
ality traits implied in social posts. Existing meth-
ods mainly focus on learning the mapping between
user-generated posts and personality trait labels but
inevitably suffer from potential harm caused by in-
dividual bias, as these posts are written by authors
from different backgrounds. Learning such spuri-
ous associations between posts and traits may lead
to the formation of stereotypes, ultimately restrict-
ing the detection of personality in different kind of
individual. To tackle the issue, we first investigate
individual bias in personality detection from the
causality perspective. We propose an Interventional
Personality Detection Network (IPDN) to learn im-
plicit confounders in user-generated posts and ex-
ploit the true causal effect to train the detection
model. Specifically, our IPDN disentangled the
causal and biased features behind user-generated
posts, and then the biased features are accumu-
latively clustered as confounder prototypes as the
training iterations increase. In parallel, the recon-
struction network is reused to approximate back-
door adjustment on raw posts, ensuring that traits
see each confounder equally before detection. Ex-
tensive experiments conducted on three real-world
datasets demonstrate that our IPDN outperforms
state-of-the-art methods in personality detection.

1 Introduction

Personality refers to an individual’s psychological constitu-
tion, including unique aspects of cognition, emotions, atti-
tudes, and values. With the blossoming of social media, users
generate massive posts daily that reveal their psychological
activities, providing new opportunities to infer personality
traits automatically [Fang et al., 2023]. Successfully infer-
ring traits from such content can enhance massive applica-
tions, such as recommendation system [Yang et al., 2022],
dialogue system [Chawla et al., 2023], and human-computer
interaction design [Chien et al., 2022].

*Corresponding authors.
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Figure 1: An illustration of the racial bias in personality detection.
In the training data, a group White and African American authors ex-
hibit neurotic traits, with their posts containing both words related to
neurotic traits and words related to their racial backgrounds. When
given test posts with similar traits but generated by Asian authors,
the model inevitably infers the wrong personality states.

In previous research works, Deep Neural Networks
(DNNs) are the default choice because they can reveal the
most predictive hidden patterns from posts [Lynn ez al., 2020;
Yang et al., 2021b; Zhu et al., 2022; Yang et al., 2023b]. Re-
cently, Large Language Models (LLMs) have been rapidly
applied in personality detection, such as psychological ques-
tionnaires based chain of thought [Yang er al., 2023c] and
large model-based data augmentation [Hu er al., 2024]. De-
spite impressive improvements in personality detection, these
well-trained DNNs may “cheat” us by inadvertently captur-
ing and even amplifying unintended individual biases through
author-generated content. As an example, Figure 1 illustrates
how racial bias confounds the detection models. To further
verify detection modal is not independent of the human in-
dividual attributes, we conducted an experimental investiga-
tion with unbalanced demographic attributes on the Pandora
dataset. As shown in Table 1, the unbalanced group (Group I)
always obtains a higher rate of false positives and false neg-
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atives. This demonstrates that although the text does not ex-
plicitly contain any individual attribute, well-trained models
do incorrectly learn the spurious correlations between posts
and traits.

While some statistical studies have explored the relation-
ship between personality and demographics [Gjurkovié et al.,
2021; Kerz et al., 2022], the research on eliminating individ-
ual confounders to improve the fairness of personality detec-
tion is still a wilderness. To achieve this goal, we face the
following challenges: (1) Due to privacy concerns, people
are reluctant to share personal information on the internet,
making it labor-intensive and time-consuming to obtain user-
generated posts labeled with individual attributes. (2) Even
with access to most attributes information, some unknown
types of human biases are difficult to predefine in advance.

To solve the above challenges, we attempted to improve
the personality detection model by applying causal interven-
tion. we propose a novel Interventional Personality Detection
Network (IPDN) to remove the confounding effect of individ-
ual attributes C' through backdoor adjustment P(Y|do(X))
instead of the conventional likelihood P(Y|X) estimated by
traditional DNNs-based methods. Specifically, unlike ap-
proximating the intervention via predefined confounders, we
turn to learning implicit confounders in user-generated posts
to achieve confounder-agnostic general debiasing. Our IPDN
starts to decompose the causal feature and biased feature by
disentanglement and reconstruction module. Then, a con-
founder builder cumulatively clusters bias features and ap-
proximates confounder prototypes as the iteration of training.
Finally, the reconstruction network are reused to approximate
backdoor adjustment on raw posts, ensuring that traits see
each confounder equally before detection. In summary, our
main contributions are as follows:

* To the best of our knowledge, this is the first effort to
take individual biases into account for personality detec-
tion from the causal perspective. By considering indi-
vidual attributes as confounding factors, we aim to look
for spurious correlations in the model and mitigate un-
fair detection.

* Based on the causal theory of backdoor adjustment,
we propose a novel interventional personality detection
network (IPDN) that automatically learns confounders
from post and cuts off the spurious correlations between
posts and traits through deconfounded training with in-
tervention.

» Extensive experiments demonstrate the effectiveness of
IPDN and the fairness of personality detection is im-
proved to a certain extent.

2 Related Work

2.1 Personality Detection

Early efforts heavily relied on psycholinguistic statistics
features to detect personality, such as Linguistic Inquiry
and Word Count (LIWC) [Tausczik and Pennebaker, 2010]
Mairesse [Mehta et al., 2020], and MRC [Coltheart, 19811,
considering the influence of personality traits on language
use patterns. However, statistical analysis has limitations in
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False Positive (% )False Negative (%)

TraitsDemograp hlcGroup I Group I Group I Group II
I/E Gender 68.09 47.63  44.45 38.46
I/E Age 63.71  53.60  47.68 36.65

Table 1: Results of the MLP that trained on two demographic con-
trolled groups. Group I set demographic attributes to 5:1 and group
I is 1:1. The Introversion and Extraversion traits are balanced in
both groups.

effectively capturing the semantics of posts. With the rapid
advancement of Deep Neural Networks (DNNs), a line of
DNNs approaches like CNNs [Xue et al., 2018], LSTMs
[Tandera et al., 2017] and Transformer [Yang et al., 2021a;
Zhu et al., 2022] have demonstrated impressive results in
this field. Meanwhile, another line of research focus on the
structure of user-generated posts, such as hierarchical struc-
ture model (SN+Attn) [Lynn er al., 20201, tripartite graph
networks (TrigNet) [Yang er al., 2021b], graph contrastive
learning (CGTN) [Zhu et al., 2022], and dynamic graph net-
works (D-DGCN) [Yang et al., 2023b]. Recently, Large Lan-
guage Models (LLMs) have been rapidly applied in person-
ality detection, The PsyCoT model uses psychological ques-
tionnaires as Chain of Thought to simulate personality tests
through multiple rounds of dialogue [Yang et al., 2023c].
TAE model tried to distill LLM knowledge to enhance the
small model for personality detection [Hu et al., 2024]. How-
ever, the above methods mainly focus on obtaining a mean-
ingful representation of user-generated posts, overlooking the
influence of the inherent individual attributes of authors. Cer-
tainly, some researchers have investigated and confirmed the
relationships between demographic variables and personality
traits based on psychological theories, the de-biased person-
ality detection remains unexplored to our knowledge.

2.2 Causal Inference

Causal inference is developed to estimate causal effect with
covariate shift. Benefiting from the great potential of the
causal tool to provide unbiased estimation solutions, it has
been widely applied to diverse fields, such as recommen-
dation [Wei er al., 2022], emotion recognition [Yang et al.,
2023a] natural language inference [Feder er al., 2022] and
pretrained language models [Zhou et al., 2023]. The most rel-
evant work to us is the debiased text classification. CORSAIR
[Qian er al., 2021] imagines the counterfactual docu‘ment to
distill and mitigate the label bias and keyword biases in text.
CCD [Chen et al., 2023] applies Normalized Weighted Geo-
metric Mean (NWGM) [Xu et al., 2015] approximate causal
intervention, removing the psycholinguistic bias in fake news
detection. In this work, we discover human bias in person-
ality detection and propose a novel causal intervention-based
debiasing framework to enhance detection performance.

3 Methodology

3.1 Problem Definition

Given a set of posts P = {pj,p3...p,, } from a user, the goal
of personality detection is to predict the categories of ¢-
dimensional personality traits, denoted as Y = {y1, y2, ¥+ }.
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Figure 2: The Structural Causal Models (SCM) of the personality
detection process. (a) The SCM of traditional methods. (b) The
SCM that considers individual attribute as confounder. (¢) The SCM
after the causal intervention.

The personality traits are categorized into the Myers-Briggs
personality inventory (MBTI) [Myers, 1997] and the Big-Five
indicators [Digman, 1990]. the MBTI taxonomy includes In-
troversion | Extraversion, Sensing | Ntuition, Thinking | Feel-
ing, and Judging / Perceiving. While the Big-Five taxonomy
includes Openness, Conscientiousness, Extraversion, Agree-
ableness, and Neuroticism.

3.2 Causal View at Personality Detection

To answer the whys of the individual attribute affects person-
ality detection, we formulate the Structural Causal Models
(SCM) [Pearl, 2009] to illustrate causal relations in the de-
tection process. As shown in Figure 2, it is a directed acyclic
graph that consists of three variables (nodes): Node X, Y,
and C denote the user-generated posts, the predicted proba-
bility of the personality traits, and the individual attributes,
respectively. The individual attributes include demographic
and some unknown attributes, such as cultural background,
emotions. The directed edges are the causalities between two
variables: cause — effect. X — Y. Traditional meth-
ods only consider that the personality traits could be inferred
by user-generated posts. C — Y. Compared to the tradi-
tional method, we realistically add a confounder node C' to
portray the detection process. The author attribute directly
affects the final detected probability, which is expected since
detectors can learn to associate post with individual informa-
tion to make unfair decisions about certain groups. C' — X.
Similarly, the individual attributes has a causal effect on posts
and indirectly affects the detected probability. Such individ-
ual information are normally embedded in the user-generated
posts, for instance, the wording and tone of the authors affect
their posts.

Based on this causal graph, we can observe the presence
of confounder C opens a backdoor path as show in Figure 2
(b): X «+ C' — Y introduces spurious correlation between
the posts X and personality traits Y by learning the likelihood
P(Y|X), thereby degrading the generalization performance.
This process is formulated by bayes rule:

P(Y|X)=> P(Y|X,C=¢)P(C=cX), (1)

The confounders C' introduce the observational bias via
P(C|X), because C satisfy the backdoor criterion that all
backdoor paths between X and Y are blocked by condition-
ing on C' and C do not consist of any variables that are de-
scendants of X.

3.3 Intervention via Backdoor Adjustment

Our goal is to develop a detection model that is unaffected
by unobserved confounders C. One straightforward way is
conducting a randomized controlled trial by collecting any
attribute of any individual to ensure that traits are balanced
across all confounders. In this case, the conditional prob-
ability P(Y'|X) equals the causal probability P(Y |do(X)).
However, implementing such solutions may not be practi-
cal. First, users are often unwilling to disclose personal infor-
mation. Furthermore, the complexity of confounders makes
constructing a balanced dataset challenging. We turn to a
more elegant intervention on the input posts X by blocking
the backdoor path between X and Y based on the backdoor
adjustment (Figure 2 C). The backdoor adjustment performs
a do-operator on X, effectively cutting off the causal path
from C to X. As a result, the detection model will approxi-
mate the causal intervention P(Y'|do(X)) instead of the spu-
rious association P(Y|X) estimated by traditional methods:

P(Y|do(X)) =Y P(Y|X,f(X,c))P(c), (2

where f(-) is nonlinear transformation that incorporate inde-
pendent variables X and each confounder c. Through causal
intervention, we provide a fair opportunity for X to observe
each confounder ¢ when detecting trait Y. After that, the spu-
rious correlation from C to X is cut off, allowing the causal
effect X — Y free from the effect of C.

3.4 IPDN Architecture

Backdoor adjustment requires confounder C' could be strat-
ified. Unfortunately, there is no strict and widely accepted
definition for the confounder that influence traits, let alone
stratifying for them. To end this, we propose an Interventional
Personality Detection Network (IPDN) to automatically learn
confounders C' and mitigate biases. As shown in Figure 3,
the IPDN comprises three modules: 1) the feature disentan-
glement and reconstruction; 2) the confounder builder; 3) the
deconfounded training with intervention.

Feature Disentanglement and Reconstruction

Given the post vector u; for each user, f. and f, are applied
as the projection function to learn the causal and biased rep-
resentations:

6::: = fc(ui? ec)a 6,? = fb(uia ab)a (3)

where 0. and 0, are learnable parameters of the two pro-
jection function, respectively. Neural network dynamics re-
search has found that biased features are easier to learn than
the desired knowledge in the early stages of training [Nam et
al.,2020]. The Generalized Cross Entropy (GCE) loss is used
[Zhang and Sabuncu, 2018] to amplify bias. Specifically, we
forward the biased features e? for detection:

yo = softmaz(fy(ui, 0s)), “4)
1- " (3 0 e
ﬁgce(ybay) = pJ(;‘Lb)v (5)

where y; are personality traits predicted based on biased fea-
tures, p, (u;, 0p) are probability assigned to the target traits
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Figure 3: The architecture of our proposed IPDN model. In training, given m-th batch posts, the disentanglement and reconstruction module is
used to decompose biased and causal features, and the decomposed biased features are aggregated into the confounder dictionary. In parallel,
the reconstruction network are reused to approximate backdoor adjustment, ensuring that traits see each confounder prototype equally. In
inference, given a test post, the confounders aggregated in the last iteration are combined and fed to f., f and f4 branches for detection.

y, and ¢ € (0, 1] is a hyperparameter that controls the degree
of amplification. The gradient of the GCE loss up-weights
the gradient of standard Cross Entropy (CE) loss when the
sample has a high prediction probability toward target trait:

A‘Cgce (Yba Y) = qAﬁce (Yba Y)> (6)

The GCE loss trains a biased projection function by giv-
ing more weight to “easier” samples with strong agreements
between the predictions and the labels, which amplifies the
“prejudice” of bias projection function. In this way we re-
quire no explicit labeling of confounders, but instead cheap
and generalized confounders. While causal representations
are enforced by a soft orthogonal constraint between output
of causal and biased projection function:

2
Lag = [es™ -] ™
where ||- ||§, is the squared frobenius norm. To ensure that the
separated features are within a reasonable range, given the
input of causal features e and biased features eg, the IPDN
should be able to reconstruct the basic features w;:

F

- b

U; :fr((e§7ei)aar)7 (®
The reconstruction loss is defined as mean squared error be-
tween u; and ;:

Lrec = MSE(ug, @). )

Confounder Builder

Confounder builder is designed to stratify confounder proto-
types from separated bias features for backdoor adjustment.
We cluster the learned biased features to approximate con-
founder prototypes C' = [cy, ¢, ...,cx|, where K is the num-
ber of confounder, and each cluster ¢, € R4 represents a

confounder prototype. In practice, instead of updating clus-
ters of the entire training set, we incrementally update clusters
as the mini-batch iterates. In m-th iteration, the confounder
dictionary C™ = [c]",c}", ...,c}] are dynamic updates by
K-Means++ (e2), e € batch{1,2 - --,;m}, where €? is the
biased feature from the previous m batch data. This incre-
mental updating process allows for efficient and scalable con-
founder refinement during the training process.

Deconfounded Training with Intervention

As described in Section 3.3, the backdoor adjustment is to
obtain a personality detection model P(Y|do(X)) that is un-
affected by unobserved confounders C'. Unlike mainstream
NWGM, which uses linear models to approximate condi-
tional probabilities, we perform backdoor adjustment during
training, i.e., any personality trait is viewed equally to all con-
founding stratum by the following training objective:

1 K
ﬁdet == Ece(?z.fd(fr(egack))ay)a (10)
k=1

where cy is the confounder generated in each iteration of the
training process, and given a decoupled causal feature e,
we reuse the reconstruction network f, as encoder and com-
bine each confounding feature cg to forward K times. Each
pattern of the unknown confounder is considered in the de-
tection and the spurious correlation would not dominate. In
general, our IPDN is end-to-end trained with a joint learning
strategy, where a feature disentanglement task is to help learn
confounders and an intervention personality detection task to
pursue the causal effect collaboratively. The overall objective
is to minimize both losses simultaneously,where A is hyper-
parameters.

L= (Lgce + ‘Cdif + ﬁrec) + Edeta (11)
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Model Inference

Once the IPDN network is well-trained, given a test user,
the personality traits are inferred through the f., f.., and fy4
branch.

=

7= SOftmax(%Zfd(fr(fc(ui)vc{cv[))?y)? (12)

k=1

where c,JcVI is the confounder feature aggregated in the last

iteration M of training phase. By equalizing various con-
founders, unbiased personality inferences are ensured to a
certain extent.

4 Experimental Settings

4.1 Datasets

Kaggle dataset is collected from PersonalityCafe platform
where people openly discuss their MBTI in daily com-
munication. The Kaggle dataset comprises 8675 anony-
mous users, with each user contributing between 45 to 50
posts. Pandora is consist of Reddit posts, which labeled
with MBTI and demographics (age, gender, and location) for
9067 anonymous users. Essays is a well-known stream-of-
consciousness dataset [Pennebaker and King, 1999] consist-
ing of 2468 anonymous volunteers with essays recorded their
minds within a short time frame. Each user is marked with
binary labels of Big-Five. These annotations are determined
through a standardized self-report questionnaire. Following
previous works [Yang et al., 2021b; Yang et al., 2023b], these
datasets are randomly divided into 6:2:2 for training, valida-
tion, and testing respectively.

4.2 Baselines

For a comprehensive evaluations, we compare IPDN with
the following 4 group baselines:1) Post semantics models:
LIWC [Tighe et al., 2016] pioneerly extracts the LIWC
psycholinguistic features and employs SVM for detection.
RCNN [Xue et al., 2018] is a hierarchical CNN structure,
which combines textual semantics and LIWC psychological
features. BERT gpetune [Mehta et al., 2020; Ren et al., 2021]
fine-tuned BERT to achieve the optimal configuration for
personality detection.2) Post structure models: SN+Attn
[Lynn et al., 2020] is a hierarchical network that utilizes GRU
to learn user representations from word-level and sentence-
level sequences. TrigNet [Yang et al., 2021b] is a novel graph
attention network that aggregates different posts from each
user by inherent psychological structures. D-DGCN [Yang et
al., 2023b] is a dynamic graph convolutional network that au-
tomatically learns the structure between user-generated posts.
3) LLMs-based models: the “gpt-3.5-turbo-0301" version of
ChatGPT is applied for personalty detection, the temperature
is set to 0, making the outputs deterministic for the identical
inputs. TAE [Hu et al., 2024] distills the LLM’s knowledge
to enhance the small model for personality detection. 4) De-
biasing text classification: CORSAIR [Qian et al., 2021]
is a counterfactual framework for debiasing text classifica-
tion, It addresses dataset and keyword biases by generating
two counterfactual documents during inference. In our im-
plementation, we use demographic lexicon [Sap et al., 2014]
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as keywords. NWGM [Chen et al., 2023] approximates the
do-calculus for desired interventions at the feature level. In
practice, the confounder dictionary x is also pre-defined de-
mographic lexicon.

4.3 Implementation Details

We implement our IPDN in Pytorch 935 1.11.0 and train it
on three NVIDIA GeForce RTX 2080 GPUs. We utilized the
Adam optimizer (Kingma et al., 2017) and searched for the
learning rate among {le=2 1e~3,1e~*}. IPDN are trained
for 80 and 120 epochs in single-dataset and cross-dataset ex-
periments, respectively. Early stopping strategy is employed
for training. To initialize the post embeddings, we used the
pre-trained language model BERT with the bert-base-cased
architecture. The output dimensions of the mapping func-
tion are set to 200, 200, and 300 for the Kaggle, Pandora,
and Essays dataset. The dimensions of the confounder pro-
totype are the same as the output dimension of the mapping
function, which is to facilitate feature-level computation. The
size K of confounder dictionary C' = [ey, ¢q, ...,ck] (i-e., the
number of clusters) are set to 64, 128, and 64 for the three
datasets, respectively. We search for the trade-off parameter
A are searched in (0, 1) for different datasets.

5 Experimental Analysis
5.1 Main Results

The overall results are shown in Table 2 and the major find-
ings can be summarized as follows:

First, we can observe that IPDN outperforms all base-
lines. Compared with the state-of-the-art method (TAE),
IPDN achieves 1.81%, 1.08%, and 1.30% improvements in
average Macro-F1 on Kaggle, Pandora, and Essays datasets
respectively. The results verify the superiority of our model
in personality detection. We attribute this success to two-fold
factors: 1) The users in these datasets have diverse individual
attributes, and the generated posts come from uncontrolled
real-world scenarios. In this situation, IPDN can effectively
eliminate spurious correlations by causal intervention and get
substantial gains. 2) Unknown confounders in personality
detection are well captured by batch-based progressive con-
founder learning during model training.

Second, we also conducted a comparison between IPDN
and mainstream debiasing methods (CORSAIR, NWGM).
Both CORSAIR and NWGM utilize the same BERT model
as the backbone network and rely on predefined demographic
dictionaries for counterfactual inference and backdoor adjust-
ment. CORSAIR and NWGM outperformed BERT fipeune in
all datasets, indicating that explicitly modeling confounders
in the network is effective. Furthermore, IPDN generally per-
forms better than CORSAIR and NWGM. A reasonable ex-
planation is that IPDN performs real intervention by treating
confounder features as trainable parameters, while the pre-
defined confounders in CORSAIR and NWGM may not be
sufficiently representative.

Third, all baselines exhibit generally poor performance on
the Sensing / Ntuition trait in both the Kaggle and Pandora
datasets. This deviation arises from the imbalance in the dis-
tribution of this trait, leading to insufficient predictive capa-
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Datasets Traits . Methods
LIWC RCNN BERT[SN+Attn TrigNet D-DGCN |ChatGPT TAE [CORSAIR NWGM IPDN
I/E 5334 5974 64.65| 65.43 69.54 69.52 65.86 7090 66.77 67.55 69.83
S/N 4775 64.08 57.12| 62.15 67.17 67.19 51.69 66.21 69.89 70.79 72.84
Kaggle T/F 76.72 78.77 7795 | 78.05 79.06 80.53 78.60 81.17| 75.45 78.50 81.31
P/J 63.03 6644 6525| 63.92 67.69 68.16 63.93 70.20| 69.98 68.09 71.52
Average 60.21 67.25 66.24 | 67.39 70.86 71.35 66.89 72.07| 70.52 71.23 73.88
I/E 4474 4855 56.60| 5698 56.69 61.55 55.52 62.57| 61.55 62.25 62.44
S/N 4692 56.19 4871 | 54.78 55.57 55.46 49.79 61.01 59.11 57.07 60.74
Pandora T/F 6537 6439 64.70| 60.95 66.38 71.07 71.25 69.28 73.64 72.00 72.80
P/J 5632 5726 56.07| 5481 57.27 59.96 60.51 59.34| 58.86 60.22 60.52
Average 53.34 56.60 56.52| 56.88 58.98 62.01 59.27 63.05 63.29 62.89 64.13
AGR 4750 46.16 54.72| 56.97 57.11 57.36 5548 58.72 59.05 60.16 60.88
CON 52.00 52.11 56.41| 55.47 54.70 57.20 5778 57.25 57.80 56.06 57.02
Essays EXT 4920 3940 58.42| 55.33 57.09 59.34 54.83  59.69 59.53 60.39 60.57
NEU 5090 58.14 56.36| 58.26 59.15 59.06 57.44 60.13 60.11 60.90 61.32
OPN 5240 59.80 59.76 | 60.77 60.62 61.80 61.16 61.04| 61.45 62.74 63.56
Average 50.40 51.12 57.13| 57.36 57.73 58.95 57.34 59.37 59.58 60.05 60.67

Table 2: Overall results of our IPDN and baseline models in Macro-F1 (%) score. Numbers in bold mean that the improvement to the best
performing baseline is statistically significant (t-test with p-value < 0.05).

Kaggle Pandora Essays
Methods Macro-FI A Macro-FI A Macro-FI A
IPDN 73.88 - 64.13 - 60.67 -
w/o CI 68.12 576 ] 59.32 481 5878 1.89]

w/o CI+FD 66.02 7.86] 55.60 8.53] 56.53 5.65)]

r/'w BF 65.58 830 54.89 924 5412 655

Table 3: Ablation study results on all three datasets, where “A”
indicates the corresponding performance change, and “w/0”, “r /w”
mean removing and replacing a component from the original IPDN,

respectively.

Training Test Methods I/E S/N T/F P/J Ave
Pandora D-DGCN 53.3749.25 61.26 56.8855.19
20% IPDN 59.5457.40 64.35 58.07 59.84
Kaggle D-DGCN 44.09 48.32 58.84 55.6051.71
20% IPDN 51.2555.22 60.84 56.2155.88

Kaggle

Pandora

Table 4: Results of cross-dataset validation on the Kaggle and Pan-
dora datasets.

bility for the fewer traits. Fortunately, our IPDN strives to find
contextual stratification confounders and refines the causal
representation, leading to some improvements in this dimen-
sion. Moreover, it is worth noting that although causal in-
tervention brings gains for all traits across three datasets, the
improvements on the Essays dataset are not as pronounced as
Kaggle and Pandora. We conjecture that this could be due to
a limited training sample, resulting in insignificant confound-
ing effects and insufficient intervention.

5.2 Ablation Study

We conduct thorough ablation studies for our IPDN on three
datasets to verify the effectiveness of different components.
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As shown in Table 3, the performance drops by around
5.76%, 4.81% and 1.89% on Kaggle, Pandora, and Essays
dataset after removing the causal intervention component
(w/o CL) and feds the causality features e to the detection
layer fq(fr(eg), which demonstrates the necessity of decon-
founded training with intervention. Then, the performance
continues to decline when the disentanglement component is
further removed (w/o CL+FD) and uses the initial features
u; for detection fy(f.(u;)), highlighting the causal repre-
sentations obtained by disentanglement are advantageous for
personality detection. Conversely, directly employing biased
features fy(f,(e?) yields the lowest performance (r/w BF),
further emphasizing that our designed disentanglement mod-
ule effectively isolates some hidden confounders.

5.3 Validation of Out-of-Distribution Scenario

We devise a challenging yet practical Out-of-Distribution
(OOD) test configuration through cross-dataset validation.
This is makes sense as the posts provided to recognition sys-
tems in real-world scenarios are produced by diverse individ-
uals with varying preferences and in different environmental
contexts. Consequently, the distribution of such data is be-
yond our control. Specifically, we use Kaggle as the training
set and allocate 20% of Pandora as the test set, and vice versa.
As shown in Table 4, IPDN shows an overall improvement
compared to the strong baseline D-DGCN in cross dataset ex-
periment. Although D-DGCN learns a rich document repre-
sentation through post structure, there are more implicit con-
founders in cross-dataset testing. In contrast, IPDN isolates
and removes these confounders through causal intervention,
focusing more on causal relationships related to the target per-
sonality.
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5.4 Effect of Confounder Prototype

To demonstrate the rationality of the learned confounder pro-
totype, the random confounder dictionary is used for com-
parison. Simultaneously, to find the optimal size K for the
confounder C, we conduct experiments on all datasets by set-
ting K to 16, 32, 64, 128, 256, and 512, respectively. The
results in Figure 4 indicate that the random prototype signif-
icantly hurts performance, thus confirming the effectiveness
of our learnable confounder prototype. For datasets contain-
ing varying degrees of harmful bias, selecting an appropriate
size K can effectively assist in deconfounded training.

5.5 Case Study of Causal Intervention

In Figure 5, we select three representative test cases to show
the performance of the model before and after the interven-
tion. Those cases are collected wildly from the MBTI com-
munity on Reddit, where people are mostly MBTI-tested with
personal information. In the first row, this is a daily post
shared by an African-American vernacular girl, and the pop-
ular slang ("dogg”) has led the detection model to form a
stereotype. In the second row, highly educated individuals
typically have clear and logical language expression, which
also serves as a shortcut in prediction. Furthermore, the main
users of online social networks are young people, whereas,
for older people, IPDN has untangled the false correlation be-
tween personality traits and some old-fashioned vocabulary
(icebox™), thereby improving the performance of the model.

5.6 Ethics Statement

The current research requires a thoughtful examination of
ethical issues. 1) Privacy protection: This study is built on
anonymized public datasets and was ethically vetted to com-
ply with ethical guidelines and norms. 2) Risk of misinfor-
mation and misuse: Detection systems may be subject to mis-
use, e.g., discrimination, fraud, or manipulation. It is impor-
tant to take steps to ensure that the detection results are used
correctly, e.g., employment selection, loan approval, or legal
judgments. and to prevent them from being misused or mis-
represented. 3) Psychological impacts and individual rights:
When personality assessment results in conflict with an in-
dividual’s self-identity or social identity, it may harm self-
esteem, personal image, and social relationships. Attention
should be paid to mental well-being and personal rights when
employing these systems.

6 Conclusion

In this paper, we analyze and identify the individual bias in
the user-generated posts for personality detection from the
causality perspective. We propose an interventional personal-
ity detection network that approximate backdoor adjustment
to eliminates the hidden bias. Our IPDN does not require
predefined confounders and instead learns confounders from
posts. Experiments on three real-world datasets verify that
IPDN can effectively eliminate biases and improve personal-
ity detection. In future work, we are interested in addressing
the personality trait label bias with causal inference theory.
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