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Abstract

This paper explores the impact of incorporat-
ing sentiment, emotion, and domain-specific
lexicons into a transformer-based model for
depression symptom estimation. Lexicon infor-
mation is added by marking the words in the
input transcripts of patient-therapist conversa-
tions as well as in social media posts. Over-
all results show that the introduction of ex-
ternal knowledge within pre-trained language
models can be beneficial for prediction perfor-
mance, while different lexicons show distinct
behaviours depending on the targeted task. Ad-
ditionally, new state-of-the-art results are ob-
tained for the estimation of depression level
over patient-therapist interviews.

1 Introduction

Considerable interest has emerged in using natural
language processing to unobtrusively infer one’s
mental health condition (Chancellor and De Choud-
hury, 2020). A majority of studies have focused
on predicting major depressive disorder (MDD) ei-
ther as a symptom-based estimation (Yadav et al.,
2020; Milintsevich et al., 2023) or a binary clas-
sification problem (Burdisso et al., 2023; Xezon-
aki et al., 2020). Both clinically motivated re-
search initiatives and social media studies have
emerged. In the latter case, Twitter (Zhang et al.,
2023a), Reddit (Gupta et al., 2022) and depression-
related forums (Yao et al., 2021) have fostered
attention. In the former case, recorded patient-
therapist conversations are transcribed and asso-
ciated with self-assessment depression question-
naires, such as PHQ-8 (Kroenke et al., 2009) or
BDI (Beck et al., 1988).

The DAIC-WOZ dataset (Gratch et al., 2014) has
mostly been studied within the context of clinical
research. Different works have been proposed to
automatically infer depression level on this dataset:
multi-modal (Qureshi et al., 2019; Wei et al., 2022)

Illustration of the lexicon-based input marking

a) i’m pretty much good because see by me being a bus
operator you run into circumstances and situations you
gotta remain calm and still remain professional at the same
time

b) i’m @ pretty @ much @ good @ because see by me be-
ing a bus operator you run into circumstances and situations
you gotta remain @ calm @ and still remain professional
at the same time

c) i’m @ pretty @ much @ good @ because see by me
being a bus operator you run into circumstances and sit-
uations you gotta remain @ calm @ and still remain @
professional @ at the same @ time @

Table 1: Example of input marking. Text a) is the
original text without markings, b) and c) show text with
terms from AFINN and NRC lexicons.

and text-based architectures (Li et al., 2023; Agar-
wal et al., 2022). The PRIMATE dataset (Gupta
et al., 2022) has also received recent attention
within the context of early symptom prediction
on social media posts. The most comprehensive
work on this dataset is proposed by Zhang et al.
(2023a), which defines a context- and PHQ-aware
transformer-based architecture.

People with MDD have shown increased use of
negative emotional words and decreased use of pos-
itive emotional words (Rude et al., 2004; Savekar
et al., 2023). In this line, Xezonaki et al. (2020)
and Qureshi et al. (2020) used feature-level and
task fusion of emotion and sentiment knowledge
and showed improved performance for depression
estimation. However, these works, along with other
studies on social media mental health data (Zhang
et al., 2023b), have used pre-transformer era neural
architectures. Recent state-of-the-art approaches
that rely on transformer-based pre-trained language
models (PLMs) have not explored external knowl-
edge fusion (Milintsevich et al., 2023).

In this paper, we investigate whether pre-
trained language models could benefit from
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Lexicon PHQ-8 Train Dev Test

AFINN ≥ 10 8.4 7.6 8.0
< 10 8.2 7.6 7.9

NRC ≥ 10 7.6 †6.8 †7.1
< 10 7.7 †7.6 †7.6

SDD ≥ 10 †0.6 0.4 0.5
< 10 †0.4 0.3 0.4

Table 2: Proportion of marked words for each lexicon
over the DAIC-WOZ. Reported values are in percentage.
† shows if the difference between the depressed and non-
depressed populations is statistically significant.

the introduction of emotional, sentimental, and
domain-specific external knowledge from the lex-
icons: AFINN (Nielsen, 2011), NRC (Moham-
mad and Turney, 2013) and SDD (Yazdavar et al.,
2017). Introducing this external knowledge into
a transformer-based model is feature-level and is
achieved by modifying the input with specific mark-
ers that highlight spans of text, as shown in Table 1,
inspired by the works of Wang et al. (2021) and
Zhou and Chen (2022). This approach does not re-
quire any modification to the model’s architecture,
such as changing attention mechanism (Li et al.,
2021; Wang et al., 2022) or adding new layers (Bai
et al., 2022); it also keeps the model’s vocabulary
unchanged unlike Zhong and Chen (2021).

Results on the DAIC-WOZ dataset show that the
performance of transformer-based models is im-
pacted by the added lexicon information (especially
sentiment), and new state-of-the-art values can be
obtained from the combination of the three lexi-
cons. However, such results are less expressive for
the PRIMATE dataset, with slight improvements
induced by the introduction of external information.
Overall, the improvement in predicting particular
symptoms evidences that lexicon information can
be helpful, provided that its content closely corre-
sponds to the targeted task.

2 Methodology

Data. In this work, we use two depression
datasets: DAIC-WOZ (Gratch et al., 2014) and
PRIMATE (Gupta et al., 2022). The DAIC-WOZ
dataset contains 189 clinical interviews in a dia-
logue format. Each interview has two actors: a
human-controlled virtual therapist and a partici-
pant. The dataset is distributed in pre-determined
splits, such that 107 interviews are used for training,
35 for validation, and 47 for testing. Each interview
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Mean [SEP] Pooling

Pre-trained
Encoder

Mean [SEP] Pooling
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Figure 1: Overview of the model architecture. UN
i

stands for i-th utterance of N -th input. Symptom Scores
are ||L|| real numbers, where ||L|| is the number of
symptoms to predict.

in the dataset is accompanied with a PHQ-8 assess-
ment, which consists of eight questions inquiring
about symptoms. Each question is scored from 0 to
3 on a Likert scale, and the total PHQ score ranging
from 0 to 24 is the sum of the eight symptom scores.
According to a standard cutoff score of 10, the inter-
views can be divided into diagnostic classes, where
subjects with PHQ-8 total score < 10 are consid-
ered non-depressed, and those with score ≥ 10 are
categorized as depressed. The eight listed symp-
toms are: LOI (lack of interest), DEP (feeling down),
SLE (sleeping disorder), ENE (lack of energy), EAT
(eating disorder), LSE (low self-esteem), CON (con-
centration problem), MOV (hyper/lower activity).

The PRIMATE dataset is based on Reddit posts
from depression-related communities, or subred-
dits, in which people describe their health condi-
tions. A total of 2003 posts were manually anno-
tated with binary labels for each individual symp-
tom from the PHQ-9 (Kroenke et al., 2001), each
label signifying whether the corresponding symp-
tom is discussed in the post or not. PHQ-9 has
the same first eight symptoms as PHQ-8 and one
additional SUI (suicidal thoughts). The data was
labeled by five crowd workers and verified by a
mental health professional. The dataset is not pre-
split into the train, validation, and test sets, so we
randomly take 1601, 201, and 201 posts for each
split accordingly.

Model architecture. To encode the interview
transcripts, we adopt the hierarchical model from
(Milintsevich et al., 2023). In their model, the in-
terview is first split utterance-by-utterance, with
each utterance processed by a word-level encoder.
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Model LOI DEP SLE ENE EAT LSE CON MOV PHQ-8

BERT 0.56±.05 0.63±.02 0.77±.05 0.87±.04 0.81±.03 0.78±.06 0.74±.01 0.34±.01 4.38±.21

+SDD 0.70±.02 0.88±.05 0.94±.05 0.94±.04 1.00±.07 0.97±.04 0.87±.02 0.34±.00 5.60±.18

+AFINN 0.50±.03 0.70±.03 0.79±.03 0.81±.04 0.85±.03 0.72±.02 0.77±.02 0.34±.00 4.56±.22

+NRC 0.50±.03 0.66±.05 0.73±.05 0.77±.03 0.81±.05 0.71±.07 0.73±.05 0.34±.00 4.31±.18

+ALL 0.50±.04 0.69±.03 0.81±.12 0.74±.06 0.81±.07 0.69±.05 0.74±.03 0.34±.00 4.56±.42

MEBERT 0.59±.02 0.64±.06 0.91±.05 0.92±.04 0.89±.04 0.71±.02 0.71±.04 0.35±.01 4.71±.23

+SDD 0.69±.07 0.72±.08 0.89±.07 0.92±.02 0.93±.07 0.85±.07 0.78±.06 0.34±.00 5.07±.38

+AFINN 0.48±.04 0.62±.02 0.71±.05 0.78±.04 0.79±.03 0.70±.03 0.74±.03 0.34±.00 4.27±.22

+NRC 0.60±.05 0.68±.03 0.71±.05 0.78±.04 0.80±.08 0.74±.02 0.71±.05 0.34±.00 4.35±.26

+ALL 0.44±.06 0.55±.04 0.63±.06 0.72±.07 0.69±.03 0.67±.04 0.67±.03 0.34±.00 3.59±.31

SOTA 0.53±.05 0.55±.03 0.75±.07 0.64±.03 0.81±.05 0.62±.02 0.83±.04 0.44±.02 3.78±.13

Table 3: Results for the DAIC-WOZ test set. The mean MAE and standard deviation are reported for five runs. The
best MAE for each symptom is in bold. SOTA means current state-of-the-art results in the literature (Milintsevich
et al., 2023).

All utterance representations are then concatenated
into one sequence, later processed by an utterance-
level encoder. In the end, the classification head
produces a real number in the range from 0 to 3
for each symptom. Several changes are made to
the original architecture to gain training efficiency.
First, the BiLSTM utterance-level encoder is re-
placed with a randomly initialized 4-layer 12-head
transformer encoder. Second, we change the way
the input data is represented. In the original model,
each utterance of the interview is encoded sepa-
rately by a word-level encoder. This is far from
optimal since most of the utterances are short (<10
tokens), thus, a lot of computation is wasted on
padding tokens. Instead, the utterances are concate-
nated into one input text separated by the [SEP]
special token. This way, the number of passes
through the encoder is reduced from the number of
utterances K to K̄, defined as in Equation 1, where
|Ui| is the number of tokens in an utterance and
m is the maximum input length of the word-level
encoder.

K̄ =

⌈∑
(|Ui|+ 1)

m

⌉
(1)

In practice, it reduces the number of word-level
encoder passes by ∼40 times for each input. After,
we perform the Mean [SEP] pooling on the tokens
representing each utterance to get the final utter-
ance representation. The overview of the model
architecture is presented in Figure 1.

Lexicons. To incorporate the external knowl-
edge into the model, we use three lexicons:
AFINN (Nielsen, 2011), NRC (Mohammad and
Turney, 2013), and SDD (Yazdavar et al., 2017).

AFINN is a sentiment lexicon that includes a list
of 2,477 terms manually rated for the sentiment
valence with a value between −5 (negative) and
+5 (positive). Nielsen (2011) used Twitter post-
ings together with different word lists as a source
for the lexicon. NRC is a word-emotion associ-
ation lexicon that is a list of 14,182 words and
their associations with eight basic emotions (anger,
fear, anticipation, trust, surprise, sadness, joy, and
disgust) and two sentiments (negative and posi-
tive). Mohammad and Turney (2013) compiled
terms from Macquarie Thesaurus (Bernard, 1986),
WordNet Affect Lexicon (Strapparava and Valitutti,
2004), and General Inquirer (Stone et al., 1966)
and labeled them with the help of crowd-sourced
workers. SDD is a part of the Social-media Depres-
sion Detector and is a lexicon of more than 1,620
depression-related words and phrases created in
collaboration with a psychologist clinician.

Input marking. In particular, we employ the
technique proposed by Zhou and Chen (Zhou and
Chen, 2022) to identify and annotate the lexicon
words in the input text. It involves marking a lex-
icon word using the "@" token on either side (see
Table 1 for examples). We chose the "@" token for
marking since it is not present in the data but in-
cluded in the model’s vocabulary. This way, the pre-
trained model’s architecture remains unchanged1.
The proportion of marked words within the DAIC-
WOZ is illustrated in Table 2, where the statistical
test is Student’s t-test with p-value < 0.05.

1Typed marking strategies that include emotion and senti-
ment values have also been tested and provided no additional
insights compared to the simple input marking.
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Figure 2: Average predicted values for depressed and non-depressed patients of the DAIC-WOZ test set.

Model LOI DEP SLE ENE EAT LSE CON MOV SUI

BERT 0.59±.03 0.65±.03 0.81±.01 0.62±.02 0.75±.06 0.60±.02 0.65±.01 0.81±.01 0.82±.01

+SDD 0.58±.03 0.62±.02 0.81±.01 0.64±.03 0.74±.03 0.63±.03 0.63±.03 0.82±.02 0.82±.01

+AFINN 0.57±.03 0.60±.03 0.80±.02 0.62±.02 0.76±.02 0.59±.03 0.64±.01 0.81±.02 0.83±.01

+NRC 0.55±.04 0.62±.04 0.82±.01 0.60±.02 0.79±.04 0.59±.03 0.61±.04 0.80±.01 0.82±.02

+ALL 0.56±.05 0.63±.02 0.79±.02 0.61±.02 0.80±.02 0.58±.03 0.61±.01 0.82±.01 0.82±.02

MEBERT 0.58±.03 0.58±.02 0.82±.02 0.62±.01 0.78±.03 0.60±.04 0.62±.03 0.82±.01 0.84±.01

+SDD 0.53±.04 0.60±.02 0.83±.01 0.62±.02 0.79±.01 0.60±.02 0.61±.03 0.81±.02 0.86±.01

+AFINN 0.57±.03 0.55±.04 0.83±.01 0.62±.02 0.79±.01 0.63±.02 0.58±.02 0.81±.02 0.85±.02

+NRC 0.57±.03 0.58±.03 0.82±.02 0.63±.03 0.79±.02 0.63±.01 0.61±.03 0.80±.02 0.85±.01

+ALL 0.56±.03 0.59±.04 0.80±.02 0.62±.02 0.80±.02 0.61±.01 0.63±.02 0.82±.02 0.84±.01

Table 4: Results for the PRIMATE test set. The mean macro-F1 score is reported for five runs. The best macro-F1
for each symptom is in bold. As standard splits are not provided, we cannot present SOTA results. As standard
splits are not provided, we cannot present SOTA results.

Experimental setup. We used two pre-trained
models in the word-level encoder of our architec-
ture: BERT-Base model (Devlin et al., 2018) and
MentalBERT (Ji et al., 2022). We refer to them
as BERT and MeBERT further on. Both mod-
els share the same architecture; however, BERT
was pre-trained on general domain data, while
MeBERT used mental health-related data, mostly
based on Reddit. Each model is finetuned with the
same hyperparameters (mostly following Mosbach
et al., 2020) and different input markings. For ex-
ample, the BERT+SDD model uses BERT as a pre-
trained model and SDD lexicon for input marking.
+ALL models use a union of all three lexicons. All
models are trained with a mini-batch size of 16, Py-
Torch realization of AdamW optimizer (Loshchilov
and Hutter, 2017) with a learning rate of 2 · 10−5

and linear scheduler with a warm-up ratio of 0.1.
For the word-level PLMs, only their attention lay-
ers are finetuned. The utterance-level encoder is
randomly initialized based on the transformer en-
coder architecture with the following hyperparam-
eters: 4 layers, 12 attention heads, hidden dimen-
sions of encoder and pooler layers of 768, interme-
diate hidden dimension of 1536. The rest of the

hyperparameters follow the default BertConfig
from the HuggingFace Transformers library (Wolf
et al., 2020). For the DAIC-WOZ dataset, results
are evaluated with micro-averaged mean absolute
error (MAE). Symptom-based errors are calculated
for each symptom individually. PHQ-8 score is ob-
tained by summing the eight symptom scores, and
MAE for PHQ-8 is calculated on this summation.
We evaluate results on the PRIMATE dataset with
a macro-averaged F1 score.

3 Results and Discussion

Table 3 shows the results for the DAIC-WOZ test
set. For the BERT model, the lexicon-based input
marking brings slight overall improvement when
AFINN or NRC lexicons are introduced. Most
notably, the NRC input marking shows improved
or equal MAE for all symptom scores except DEP.
The combination of all lexicons is marginally ben-
eficial overall, and results have deteriorated with
the exclusive introduction of the SDD lexicon. On
the other hand, for the MeBERT model, the com-
bination of all the lexicons produces the best re-
sults overall, both symptom-wise and for the global
PHQ-8 score. Furthermore, both AFINN and NRC

325



lexicons improve the prediction for the MeBERT
model, similar to the BERT model. Also, when
only the SDD lexicon is used for input marking,
the model shows worse performance than the base-
line setting.

Figure 2 depicts a more detailed overview of
the best-performing models: BERT+NRC and
MeBERT+ALL. Additionally, we finetune the
+Rand version of both BERT and MeBERT to ver-
ify if the improvement comes only from the input
marking by randomly marking 8% of the words
in each interview. From the results, the improve-
ment for the BERT+NRC model comes from the
non-depressed population. MeBERT+All model,
however, improves for both depressed and non-
depressed populations and is less sensitive to the
marking bias. Interestingly, +Rand models show
some improvement for the non-depressed popula-
tion, suggesting that input markings alone act as a
regularizer.

Table 4 shows the results for the PRIMATE test
set. Contrary to the results from Table 3, introduc-
ing external knowledge does not clearly improve
performances. The models that use the lexicon in-
put marking show signs of improvement for some
symptoms, but it is largely inconsistent. Unlike
for the DAIC-WOZ, the SDD-based input mark-
ing provides the best F1 score for three symptoms,
both for BERT and MentalBERT models, while the
benefits of AFINN and NRC are limited or absent
and spread over symptoms.

The results from the DAIC-WOZ show that
PLMs can indeed benefit from the introduction of
external knowledge about the sentiment and emo-
tional value of the words. Surprisingly, the intro-
duction of the depression-specific lexicon had the
opposite effect. We hypothesize that two reasons
could cause it. First, as seen in Table 2, SDD cov-
ers less than 0.5% of words in the interview, almost
15 times less than AFINN and NRC. Thus, the in-
troduced signal might be too weak for the model to
learn. Second, the SDD lexicon was based on Twit-
ter data, while DAIC-WOZ contains transcripts
of real conversations. From our observations, the
people describe their problems more explicitly in
their social media posts. At the same time, DAIC-
WOZ conversations are more generally themed,
and the PHQ-8 scores are based on the person’s
self-assessment test rather than the conversations
themselves. This brings us back to the conceptual
difference between the DAIC-WOZ and PRIMATE
datasets. While the first one aims at establishing

the link between the underlying person’s mental
condition and their speech, the latter one sets a
goal of detecting whether a particular symptom is
mentioned in the text. In addition, the PRIMATE
dataset is annotated by layman crowd workers, and
the labels are not consistent and contain inevitable
mistakes (Milintsevich et al., 2024). This might
explain the reason behind the greater impact of
the AFINN and NRC lexicons for modeling the
DAIC-WOZ dataset.

4 Conclusion

This paper targets lexicon incorporation in
transformer-based models for symptom-based de-
pression estimation. The external information is
supplied through a marking strategy, which avoids
any modification to the model’s architecture. The
set of endeavoured experiments shows that in-
troducing sentimental, emotional and/or domain-
specific lexicons can correlate with overall per-
formance improvement if adapted to the targeted
task2.

Limitations

The main limitation in automated clinical mental
health assessment with natural language processing
is the difficulty of acquiring and accessing large
quantities of data. DAIC-WOZ and PRIMATE are
rare exceptions as it is publicly available and clini-
cally verified. However, DAIC-WOZ, in particular,
suffers from a small number of data points that
makes it hard to train and validate hypotheses, as
both validation and test sets are particularly small.
As a consequence, this piece of research requires
further validation on a larger body of clinical data.

Ethical Considerations

We acknowledge the potential ethical aspects of
the work that studies the methods to unobtrusively
detect someone’s mental health status. Here, we
are using publicly available datasets collected for
research purposes. Also, the lexicons we use are
publicly available and have not been composed
based on private confidential material. If such a
system that could predict the presence of depres-
sion symptoms based on actual clinical interviews
would be deployed in practice, it would require
the informed consent of all participants involved

2Source code is available here: https://github.com/
501Good/dialogue-classifier.
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as well as the understanding of the validity bound-
aries of such systems, meaning that the predictions
of such systems cannot replace the assessment of
trained clinicians, but rather assist them in their
activities.
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