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Abstract

Background: The introduction of Natural Language Processing (NLP) technologies has significantly enhanced the potential of
self-directed interventions for treating anxiety and depression by improving human-computer interactions. Despite these
advancements, particularly in Al and Large Language Models (LLMs), robust evidence validating their effectiveness remains
Sparse.

Objective: To determine whether interventions based on NLP models can reduce depressive and anxiety symptoms.

Methods: Our study was a systematic review, and the protocol was registered in PROSPERO (CRD42023472120). The
databases we used for the systematic review are Web of Science, SCOPUS, MEDLINE (via PubMed), PsycINFO (via EBSCO),
IEEE Xplore, EMBASE (via EBSCO), and Cochrane Library. The quality of the included studies was assessed using the JBI
Critical Appraisal Tools.

Results: 21 articles were selected for review, and 16 were included in the meta-analysis for each outcome. The overall meta-
analysis showed that self-administered interventions based on NLP models were significantly more effective in reducing
depressive symptoms (SMD=0.819; 95%Cl: 0.389-1.250; p<0.001) and anxiety symptoms (SMD=0.272; 95% ClI: 0.116-0.428;
p=0.001) compared with various control conditions. In subgroup analysis, Al-based NLP was shown to be effective in reducing
depressive (SMD=1.059 [0.520 to 1.597]; p<0.001) and anxiety symptoms (SMD=0.302 [0.073 to 0.532]; p=0.010) compared
with pooled control conditions. Also, NLP-based interventions overall outperform psychoeducation and bibliotherapy in
reducing both depressive (SMD=1.481 [0.368 to 2.594]; p=0.009) and anxiety symptoms (SMD=0.561 [0.195 to 0.927];
p=0.003). In addition, these interventions are more effective than waitlist or no intervention in reducing anxious symptoms
(SMD=0.196 [0.042 to 0.351]; p=0.013).

Conclusions; Our findings support the usefulness of self-applied NLP-based interventions in aleviating widely prevalent mental
health problems such as depressive and anxious symptoms. Clinical Trial: Protocol was registered in PROSPERO
(CRD42023472120)
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Abstract

Background: The introduction of Natural Language Processing (NLP) technologies has significantly
enhanced the potential of self-directed interventions for treating anxiety and depression by improving
human-computer interactions. Despite these advancements, particularly in Al and Large Language
Models (LLMs), robust evidence validating their effectiveness remains sparse.

Objective: To determine whether interventions based on NLP models can reduce depressive and
anxiety symptoms.

Methods: Our study was a systematic review, and the protocol was registered in PROSPERO
(CRD42023472120). The databases we used for the systematic review are Web of Science,
SCOPUS, MEDLINE (via PubMed), PsycINFO (via EBSCO), I[EEE Xplore, EMBASE (via
EBSCO), and Cochrane Library. The quality of the included studies was assessed using the JBI
Critical Appraisal Tools.

Results: 21 articles were selected for review, and 16 were included in the meta-analysis for each
outcome. The overall meta-analysis showed that self-administered interventions based on NLP
models were significantly more effective in reducing depressive symptoms (SMD=0.819; 95%CI:
0.389-1.250; p<0.001) and anxiety symptoms (SMD=0.272; 95% CI: 0.116-0.428; p=0.001)
compared with various control conditions. In subgroup analysis, Al-based NLP was shown to be
effective in reducing depressive (SMD=1.059 [0.520 to 1.597]; p<0.001) and anxiety symptoms
(SMD=0.302 [0.073 to 0.532]; p=0.010) compared with pooled control conditions. Also, NLP-based
interventions overall outperform psychoeducation and bibliotherapy in reducing both depressive
(SMD=1.481 [0.368 to 2.594]; p=0.009) and anxiety symptoms (SMD=0.561 [0.195 to 0.927];
p=0.003). In addition, these interventions are more effective than waitlist or no intervention in
reducing anxious symptoms (SMD=0.196 [0.042 to 0.351]; p=0.013).

Conclusions: Our findings support the usefulness of self-applied NLP-based interventions in
alleviating widely prevalent mental health problems such as depressive and anxious symptoms.
Keywords: Natural language processing, depression, anxiety, systematic review
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BACKGROUND

Depression and anxiety represent conditions with a substantial worldwide burden. In 2020, they
affected approximately 246 million and 374 million people, respectively [1]. Moreover, these
conditions reduce individuals' quality of life and have significant economic repercussions [2]. The
World Health Organization estimates that anxiety and depression result in a loss of $1 trillion
annually due to loss of productivity [3]. Additionally, its increasing incidence and lack of health
resources challenge the healthcare systems and workforce to adequately cover their rising demand

[4].

In response, self-administered technology-based interventions have emerged as promising solutions
for the management of these conditions. These self-guided interventions enable users to progress
through treatments independently, without external support [4]. These interventions have
demonstrated the potential to reduce costs, save health providers’ time, and improve satisfaction and
access to care for patients with mental health conditions living in remote areas, those with
disabilities, or those unable to afford traditional care, especially during crises and quarantine periods
[5]. However, despite the potential of self-directed interventions to manage mental health problems,
many of these interventions face important challenges in user engagement and adherence [6].

Furthermore, Natural Language Processing (NLP) offers a promising avenue for enhancing the
efficacy of self-administered interventions. Defined as a cross-disciplinary field focused on enabling
computers to comprehend, process, and interact with human language [7], NLP has the potential to
make self-directed interventions more cost-effective and accessible and facilitate fidelity and
engagement of patients through better interaction [8].

Moreover, NLP can be categorized into two main approaches: rule-based and artificial intelligence
(AI)-based. Rule-based NLP utilizes predefined linguistic rules to guide text interpretation, offering
high explainability but limited flexibility in handling complex language nuances [9]. Conversely, Al-
based NLP, encompassing machine learning and deep learning techniques, learns from extensive data
to process language, showing remarkable success in various NLP tasks due to its scalability and
ability to manage linguistic ambiguities [10].

The advent of large language models (LLMs) and multimodal large language models (MLLMs) has
further enhanced the capabilities of NLP-based health interventions. These advancements are not
limited to enhanced user interaction but extend to personalizing therapeutic modalities to the patient's
unique requirements, as has been demonstrated in specific psychotherapeutic settings [11].

Previously, other systematic reviews were conducted analyzing the impact of NLP on Mental Health,
such as the one conducted by Le Glaz [12] and Zhang [13]. However, they were mostly focused on
the general use of NLP. Also, a systematic review and research framework regarding the use of NLP
in Mental Health interventions, however broadly without a concrete focus on Online Self-Applied
Interventions [8].

Despite these advancements, analysis of their effectiveness and safety in managing mental health
concerns such as depression and anxiety remains fragmented [14]. This study aims to systematically
review the available literature to determine the effect of self-administered NLP-based interventions
on symptoms of depression and anxiety.

https://preprints.jmir.org/preprint/59560 [unpublished, non-peer-reviewed preprint]
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METHODS

Design and protocol register

Our study was a systematic review. We used the PRISMA reporting guidelines (see Multimedia
Appendix 1), and the protocol was registered in PROSPERO (CRD42023472120).

Eligibility criteria

The PICO of the study is to determine if interventions based on NLP models can reduce depressive
and anxious symptoms. Depressive symptoms are defined as a mood disorder characterized by the
persistent presence of a profound sense of sadness, loss of interest or pleasure in daily activities, and
a general lack of energy. Anxious symptoms, in turn, are characterized by the anticipation of
imagined events that are perceived as potential threats, causing emotional distress and physiological
tension.

Population: Our population was focused on any age group (child, adolescent, adult, and older adult)
with or without previous comorbidities. Participants who have been diagnosed with depression or
anxiety through an interview or consultation with a mental health professional (e.g., physician,
psychologist, or psychiatrist), as well as those who have been assessed with psychometric
instruments to measure depressive or anxious symptoms, will be included.

Intervention: Our intervention must be based on NLP models such as the Large Language Model
(LLM), Multimodal Large Language Model (MLLM), Artificial Intelligence-led (Al-led) (i.e., digital
conversational agent, chatbots, interactive voice response), and other NLP models. We included
interventions regardless of whether they were designed to improve participants’ mental health or
whether they were designed for a purpose other than improving mental health. We considered only
the self-administered interventions.

Comparator: We consider as comparators any passive comparator (i.e., waiting lists, non-
intervention control groups, or placebos) and active comparators (i.e., online or face-to-face
psychological interventions, virtual reality, serious games, biofeedback for mental health problems,
pharmacological therapies to treat symptoms of depression and anxiety, or animal-assisted therapies).
Outcomes: Our study had two primary outcomes: the participants' depressive and anxiety symptom
scores. Only scores on a psychometric questionnaire with evidence of validity and reliability for
measuring depressive or anxiety symptoms (i.e., Patient Health Questionnaire [PHQ-9], Beck
Depression Inventory [BDI], Hamilton Depression Rating Scale [HDRS], Generalised Anxiety
Disorder Scale [GAD-7], Beck Anxiety Inventory [BAI], Hamilton Anxiety Rating Scale [HAM] or
other) will be included as outcomes. Our study focused on the difference between pre- and post-
intervention scores. However, the study does not report information on the effect size of the
intervention. In that case, it will be calculated manually from the means, standard deviations, or
effect sizes available in the articles.

Design: We included randomized clinical trials and quasi-experimental studies (without a control
arm or randomization groups) to determine the effect of interventions based on NLP models to
reduce depressive symptoms and anxiety. We excluded narrative reviews, systematic reviews,
scoping reviews, or other designs. Only peer-reviewed publications (original articles or briefs) were
included in this review; proceedings, posters, or other similar items were excluded. There were no
exclusion criteria based on language, time interval of publication, or setting (i.e., clinical to
community settings).

Information Sources and Search Strategy

The databases we used for the systematic review are Web of Science, SCOPUS, MEDLINE (via
PubMed), PsycINFO (via EBSCO), IEEE Xplore, EMBASE (via EBSCO), and Cochrane Library.

https://preprints.jmir.org/preprint/59560 [unpublished, non-peer-reviewed preprint]
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The search strategy included NLP, depression and anxiety terms, and health science descriptors (see
Multimedia Appendix 2). Our search included any document available from January 01, 1900, to
November 03, 2023.

Selection process

We downloaded all records identified by the search strategy in RIS format and compiled them into an
Endnote file, which served as a repository for all retrieved records. However, this file could contain
duplicate entries, so we used automated and manual methods to remove duplicate records. We
exported the list of unique records from Endnote to Rayyan for the selection process. First, two pairs
of authors (JGS with RGA, and GQC with GLC) independently assessed the abstracts and titles of
the studies to ensure that they met the inclusion criteria. The resulting retrieved text was reviewed
independently by two pairs of authors (JGS with RGA, and GQC with GLC). Any excluded studies
were recorded along with the reasons for their exclusion (see Multimedia Appendix 3). If
disagreements arose between the authors at either stage, they were resolved by discussion. A third
reviewer (DVZ) was consulted if disagreement persisted to decide whether the study met the
inclusion criteria.

Data collection process and Data items

Two pairs of authors (JGS with RGA, and GQC with GLC) independently collected the information
from the included studies on a predefined collection form in a Microsoft Excel sheet. Initially, a pilot
data extraction process was conducted on five datasets, which were reviewed by all raters with 85%
agreement among them. Subsequently, minor changes were made to the final version of the
extraction form to improve the clarity of the extraction form, which includes the following data: a)
General information (i.e., authors, year of publication, title, country, and language); b)
Characteristics of participants (i.e., age range, gender, number of participants, diagnosis) c)
Characteristics of the interventions (i.e., type of NLP model, duration, frequency, and brief
description of the intervention); d) Comparator (passive or active); e) Main outcomes (i.e., means,
standard deviations, pre- and post-intervention measures, the effect size of control and intervention

groups).
Study risk of bias assessment

We use the JBI Critical Appraisal Tools, which are designed to identify potential biases that may
have occurred during the design, conduct, and analysis of the studies. For quasi-experimental studies,
the JBI Critical Appraisal Checklist for Quasi-experimental Studies [15] was used, a checklist with a
total of nine questions for assessing potential bias in this type of study. For randomized clinical trials,
the JBI Critical Appraisal Tool for Risk Assessment of Bias in Randomised Controlled Trials [16]
was used, which is also a 13-question checklist for the internal and statistical validity of the
conclusions of this type of trial. Based on the answers given in both assessment tools, the reviewers
decide whether or not to include the reviewed study.

Two reviewers used these tools independently to assess the risk of bias in the studies included in the
meta-analysis. Any disagreement between the reviewers about whether to include or exclude a study
was first resolved by discussion. If the disagreement persisted, a third reviewer was asked to
arbitrate.

Synthesis methods
Meta-analysis

We performed analyses using STATA version 18 software. Meta-analysis would only be performed if
at least three studies of the same design type (i.e., randomized or quasi-experimental clinical trials)

https://preprints.jmir.org/preprint/59560 [unpublished, non-peer-reviewed preprint]
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assessing the same outcome were available. The analysis was differentiated by outcome and by study
type. Standardized mean differences (SMD) were used for meta-analyses and summary statistics of
the studies because the results of the included studies were measured with different scales, with a
95% confidence interval (CI). SMD is the mean difference between the intervention and control
groups divided by the pooled Standard Deviation (SD).

The standard measure of effect size to be considered for the Hedge g analyses includes small (SMD
= 0.2), moderate (SMD = 0.5), and large (SMD > 0.8) effect sizes. These sizes were used to evaluate
the combined effect of the analyzed interventions using Hedge's g. This procedure is done on the
basis that Hedge's g is a type of effect size for the SMD, which corrects for the possible risk of bias
for small samples as opposed to Cohen's d [17].

Heterogeneity Analysis

The assessment of statistical heterogeneity used the following tests: Cochran’s Q-test statistic to
detect the presence of heterogeneity between studies; the I? Higgins and H? index statistics to detect
the variability between studies due to heterogeneity; and the between-study variance (t2?) to detect the
variance between the effects observed in the different studies. If the overall assessment of the
heterogeneity of the studies is high, random-effect models were used to estimate the effect of the
interventions in general.

Publication bias analysis

If there are more than ten studies in the meta-analysis, we conducted visual and quantitative tests to
detect biases. Our visual exam used the funnel plot; the quantitative test was Egger's regression test.
This test can capture the effects of small studies and other potential information biases that could
exist [18]. We identified selection bias if we observed an asymmetric funnel plot distribution and a
significant Egger's test result with a p-value <0.05. If there is asymmetry, the trim-and-fill method of
Duval and Tweedie was implemented as a bias correction technique to estimate the number of
missing studies for the meta-analysis [19].

Analysis of subgroups

If the meta-analysis data allows, we assessed intervention effects using the NLP models from the
selected studies. Such models may include Large Language Models (LLM), Multimodal Large
Language Models (MLLM), artificial intelligence-led (Al-led), or other natural language models.
Also, we assessed the impact of interventions on subgroups, including gender, disease severity, prior
therapies, concurrent anxiety and depression disorders, and age ranges.

RESULTS

Study selection

Initially, 672 records were identified in the different databases; after eliminating 201 duplicates, 471
records advanced to title and abstract review. Of these, 418 were discarded, leaving 53 records for
full-text review. Subsequently, 32 records were excluded, resulting in 21 articles selected for review
and 19 included in the meta-analysis. Figure 1 shows the complete review process, and Multimedia
Appendix 3 lists the articles excluded from the full-text review.

Characteristics of the included studies

Our review identified 19 randomized clinical trials [20-38] and two quasi-experimental studies
without a control group [39,40]. Most of the studies (76.2%) were published between 2020 and 2023,
and 81% were conducted in high-income countries, with the United States being the country with the
most publications on this topic (47.6%). Regarding the characteristics of the population studied, the

https://preprints.jmir.org/preprint/59560 [unpublished, non-peer-reviewed preprint]
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majority focused on adults (76.2%). Regarding the outcomes assessed, depressive symptoms were
analyzed in 95.2% of the studies, and anxiety symptoms in 90.5%. We found 29 potential
comparisons between interventions and controls because five studies reported three or more arms.
The most common intervention was conversational agent alone (75.9%), and the most common
control conditions were waiting list or no intervention (31%; n=9) and information, psychoeducation,
or bibliotherapy (31%; n=9). The most commonly used scales to measure depressive and anxiety
symptoms were the PHQ-9 (n=21; 72.4%) and the GAD-7 (n=18; 62.1%). Table 1 shows the
characteristics of the studies, divided into randomized clinical trials and uncontrolled quasi-
experimental studies.

Synthesis of results and meta-analysis

Only 16 studies were included in the meta-analysis, excluding quasi-experimental studies without
control (n=2) and those with insufficient data for meta-analysis (n=3). Therefore, only 76.2% of all
identified trials were included in the meta-analysis. The rationale for excluding the two quasi-
experimental studies is that a meta-analysis specific to this study design requires at least three
studies. For the depressive symptoms, the overall meta-analysis showed that self-administered
interventions based on NLP models were significantly more effective in reducing depressive
symptoms compared with various control conditions (waitlist/nothing, treatment as usual,
psychoeducation, and other computer-based conversational interventions) (SMD=0.819; 95%CI:
0.389-1.250; p<0.001). In addition, high heterogeneity was observed in the overall meta-analysis (I
=92.7% [78.3% to 96.4%]; H*> = 3.71 [2.15 to 5.27]; > = 0.97; p<0.001). Regarding publication bias,
the funnel plot analysis showed evidence of bias (coefficient = 3.61 [0.45 to 6.78]; p =0.027) (see
Multimedia Appendix 4).

For the outcome of anxiety symptoms, the global meta-analysis showed that self-administered NLP
model-based interventions were significantly more effective in reducing depressive symptoms
compared with various control conditions (waitlist/nothing, treatment as usual, psychoeducation, and
other computerized conversational interventions) (SMD=0.272; 95% CI: 0.116-0.428; p=0.001). In
addition, high heterogeneity was observed in the overall meta-analysis (I* = 64.0% [0.5% to 81.6%];
H? = 1.67 [1.00 to 2.33]; ©* = 0.07; p<0.001). Regarding publication bias, the funnel
plot analysis showed no evidence of bias (coefficient = -0.22 [-1.55 to 1.11]; p
= 0.734) (see Multimedia Appendix 4).

Subgroup analyses

We also conducted a detailed analysis according to the type of comparator, intervention, and scale
used, evaluating the results for depressive symptoms and anxiety symptoms separately. For
depressive symptoms, self-administered interventions based on NLP models were found to be more
effective than information, psychoeducation, or bibliotherapy (1.481 [0.368 to 2.594]; p=0.009).
Similarly, Al-based NLP was more effective than the set of control conditions (1.059 [0.520 to
1.597]; p<0.001) for reducing depressive symptoms. Regarding the scale used, studies using the
PHQ-9 or PHQ-8 showed that self-administered interventions based on NLP outperformed the set of
control conditions (0.914 [0.417 to 1.410]; p<0.001).

For the outcome of anxiety symptoms, self-administered interventions based on NLP models were
more effective than wait-list/do-nothing (0.196 [0.042 to 0.351]; p=0.013) and than information,
psychoeducation, or bibliotherapy (0.561 [0.195 to 0.927]; p=0.003). In addition, the use of Al-based
NLP had a higher effect than the average of the control conditions (0.302 [0.073 to 0.532]; p=0.010)
in reducing anxiety symptoms. Regarding the scale used, studies using the GAD-7 showed that self-
administered interventions based on NLP had a higher effect than the average of the control
conditions in reducing anxiety symptoms (0.333 [0.074 to 0.592]; p=0.012). Full details of this
subgroup analysis are shown in Table 2.

https://preprints.jmir.org/preprint/59560 [unpublished, non-peer-reviewed preprint]
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Risk of bias in studies

In the overall analysis of the risk of bias for the outcome of depressive symptoms, the majority of
studies (n=9; 56.3%) had an overall low risk of bias, while only 18.7% (n=3) had an overall high risk
of bias (see Figure 4A). Regarding the dimensions assessed, the lowest risk of bias was observed in
reporting and analysis strategies (n=15; 93.8%), followed by participant loss or missing data (n=14;
87.5%). However, intervention delivery showed an unclear risk of bias due to limited reporting in the
reviewed manuscripts. On the other hand, for the outcome of anxiety symptoms, half of the studies
(n=8) had an overall low risk of bias, and only 12.5% (n=2) had an overall high risk of bias (see
Figure 4B). At the level of each dimension assessed, all studies had a low risk of bias in reporting
and analysis strategies, and 81.3% (n=13) had a low risk of bias in outcome measurement and
retention throughout the study. However, most studies did not sufficiently detail the intervention
delivery description. Detailed risk of bias analyses for each study are available in Multimedia
Appendix 5 for depressive symptoms and Multimedia Appendix 6 for anxiety symptoms.

DISCUSSION

Main findings

Our results indicate that self-administered interventions based on NLP models have a significant
overall effect on reducing depressive and anxiety symptoms, in contrast to various control
conditions. Our study used random effects models to estimate this overall effect, thus accounting for
heterogeneity among the interventions analyzed. Thus, we consider the results to be robust. At the
level of each intervention and control group, we observed variability in their effectiveness in
reducing symptoms of depression and anxiety, which could be due to the limited number of studies
available for meta-analysis. In particular, conversational-only interventions were shown to be
effective in reducing depressive and anxiety symptoms compared with pooled control conditions. In
addition, NLP-based interventions overall outperform psychoeducation and bibliotherapy in reducing
both depressive and anxiety symptoms. In addition, these interventions are more effective than
waitlist or no intervention in reducing anxious symptoms.

These findings support the usefulness of self-applied NLP-based interventions in alleviating such
common mental health problems as depressive and anxious symptoms. Thus, they have the potential
to be implemented in primary care settings, where they could represent a valuable public health
strategy to improve the mental health of the population.

Comparison with other studies

Our findings are consistent with previous research that has examined the application of NLP models
at various stages of mental health care in both clinical and community settings [41-43], as NLP-
based interventions may effectively alleviate symptoms of emotional disorders. The robustness of
our research is strengthened by the fact that most of the studies included in the meta-analysis have a
low risk of bias, indicating that our findings are derived from rigorous and reliable research.

A previous scoping review highlighted the heterogeneity of the tools used to assess the effects of
dialogue interventions on mental health [44]. However, our review found that in the case of
randomized clinical trials focusing on depressive and anxiety symptoms, validated instruments such
as the PHQ and GAD were used, reducing the risk of bias and making the results more robust.
Nevertheless, we highlight the lack of studies using experiential sampling or real-time measures to
assess depressive and anxiety symptoms, which could provide a more accurate assessment of the
impact of these self-administered NLP-based interventions.

The subgroup analysis showed variability in the effectiveness of the interventions in reducing
depressive and anxiety symptoms, which may be due to the limited number of studies analyzed.
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Another possible explanation lies in the variety of NLP models used and their level of sophistication.
Interventions using conversational agents based on advanced deep machine learning models showed
significant results compared to other strategies, such as rule-based chatbots [45]. Unlike simpler NLP
models, conversational agents offer better performance on various tasks [45]. However, more
complex models also require high computational costs and large amounts of data for optimization
[46,47], which may limit their adaptability to the different linguistic and cultural needs of different
regions [48]. It is important to note that high-income countries have led research in this field and
have advanced technological resources for developing these AI models compared to other low- and
middle-income countries [49,50]. This situation represents a challenge and a potential source of
inequity in access to and implementation of NLP-based interventions within public health systems.

Implications for clinical practice and public health

A previous systematic review study on the general use of NLP and machine learning in mental health
agrees with us on the potential of NLP-based interventions to improve population mental health [12].
However, our study differs in that it focuses only on self-applied interventions to reduce depressive
and anxiety symptoms, thus contributing to a specific aspect of NLP-based interventions. Our study
provides a valuable starting point for future research to confirm the effectiveness of NLP-based
interventions in the real world and their ability to be implemented within the public health system.
There is a need to evaluate the implementation and promotion of these interventions as part of mental
health strategies, as it could be an effective strategy to reduce depressive and anxiety symptoms in
health service users [51,52]. Given their accessibility through digital platforms, these interventions
have the potential to reduce the burden of anxiety and depressive disorders at the population level
[53,54], while also being cost-effective and a way to optimize mental health resources [55]. To
ensure successful implementation within the public health system, the use of the Artificial
Intelligence-Quality Implementation Framework (AI-QIF) could be beneficial [56]. However, it is
crucial to develop protocols that ensure confidentiality and respect for the ethics and privacy of
patient data at all stages of implementation and use [57]. In addition, it is important to consider the
digital determinants of health [58], such as access to appropriate devices, internet, and stable
connectivity, which is a challenge for implementation in low- and middle-income countries.

Strengths and limitations

The main strength of our study is that we conducted an exhaustive review of the available literature
on the subject and that the main meta-analysis was based on randomized clinical trials, which is the
most robust design for determining the effect of an intervention. However, our study has several
limitations. First, the methodological variability of the included studies led to high heterogeneity in
both outcomes, which could affect the interpretation of our findings despite using random-effects
models for their management. Second, the various measurement tools used in the different studies
could introduce measurement bias. However, we believe that our study minimized this risk by
including only studies that used validated instruments and an effect size that controls for
heterogeneity among measures such as the MDS. Third, the lack of clarity in the description of the
studied groups may have introduced a risk of bias in assessing their effectiveness, as there is no clear
taxonomy for grouping NLP-based interventions. Fourth, the global meta-analysis for depressive
symptoms identified the potential existence of publication bias, which could overestimate results in
favor of trials with positive effects. Therefore, we encourage researchers to report their studies, even
if they have negative results, to better understand the effect of these interventions. To overcome these
limitations in future reviews, we recommend focusing research on specific interventions and
encouraging researchers to share their primary data to strengthen the quality and reliability of meta-
analytic analyses.
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Conclusions

Our systematic review and meta-analysis support the use of self-administered interventions based on
NLP models to reduce depressive and anxiety symptoms. However, there is still a need for
randomized clinical trials with large sample sizes that can further strengthen the inferential power of
future meta-analyses. Although our findings are encouraging, systematic reviews that examine the
implementation process of these interventions in-depth, as well as qualitative studies that evaluate
the usability and feasibility of these interventions, are needed to recommend their adoption in the
public health system. Our study provides a valuable starting point for future research aimed at
validating the efficacy of these interventions as components of standard mental health care within
public health systems.
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Figure 2. Forest plot for control conditions vs self-administered interventions based on natural
language processing models to reduce depressive symptoms.
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Figure 3. Forest plot for control conditions vs self-administered interventions based on natural
language processing models to reduce anxious symptoms.
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Figure 4. Risk of bias grouped for the outcome of depressive and anxious symptoms.
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Table 1. Characteristics of the included studies (n=21).

Randomized Quasi-experimental
controlled trial ~ without control (n=2)
(n=19)

Year 2014-2015 1 4.8% 0 0.0%
2016-2019 4 19.0% 0 0.0%

2020-2023 14 66.7% 2 9.5%

Income Upper-middle-income countries 4 19.0% 0 0.0%
High-income countries 15 71.4% 2 9.5%

Country Argentina 1 4.8% 0 0.0%
China 3 14.3% 0 0.0%

Italy 1 4.8% 1 4.8%

Japan 1 4.8% 0 0.0%

South Korea 2 9.5% 0 0.0%

United Kingdom 2 9.5% 0 0.0%

United States 9 42.9% 1 4.8%

Strategy (if is RCT) Cross-over 5 26.3% 0 0.0%
Parallel 14 73.7% 0 0.0%

Target population Adolescent 2 9.5% 0 0.0%
Adult 14 66.7% 2 9.5%

Older adult 2 9.5% 0 0.0%

Pregnant women 1 4.8% 0 0.0%

Included in meta-analysis By depressive symptoms 16 76.2% 0 0.0%
By anxious symptoms 16 76.2% 0 0.0%

Depression was the main outcome Main outcome 11 52.4% 2 9.5%
Secondary outcome 7 33.3% 0 0.0%

Not evaluated 1 4.8% 0 0.0%

Anxiety was the main outcome Main outcome 11 52.4% 2 9.5%
Secondary outcome 6 28.6% 0 0.0%

Not evaluated 2 9.5% 0 0.0%

Funding Corporations 8 38.1% 1 4.8%
Government 4 19.0% 0 0.0%

Self-financed 2 9.5% 1 4.8%

No report 5 23.8% 0 0.0%

Interest conflict Presents conflict of 4 19.0% 2 9.5%
No conflict of interest 12 57.1% 0 0.0%

No report 3 14.3% 0 0.0%

Study has 3 or more arms No 14 66.7% 2 9.5%
Yes 5 23.8% 0 0.0%

Control group* Waiting list / Nothing 9 31.0% 0 0.0%
Usual treatment 4 13.8% 0 0.0%

Information, psycho-education or bibliotherapy 9 31.0% 0 0.0%

Conversational Computer-Based 5 17.2% 0 0.0%

Type of NLP application* Rule-based NLP 3 10.3% 0 0.0%
Al-based NLP 20 69.0% 2 6.9%

Al-based NLP combine with other tech intervention 1 3.4% 0 0.0%

Al-based NLP combine with other no-tech intervention 3 10.3% 0 0.0%

Interventions focused on* Depressive symptoms 8 27.6% 1 3.4%
Anxious symptoms 7 24.1% 1 3.4%

Other mental health problems 13 44.8% 2 6.9%

Interventions based on* Cognitive behavior therapy 22 75.9% 2 6.9%
Others 4 13.8% 0 0.0%

Unclear 1 3.4% 0 0.0%

Scale used to measure depression* Patient Health Questionnaire (PHQ-9, PHQ-8) 19 65.5% 2 6.9%
Depression, Anxiety and Stress Scales (DASS-21) 2 6.9% 0 0.0%

Other 3 10.3% 0 0.0%

Scale used to measure anxiety* Generalized Anxiety Disorder (GAD-7) 16 55.2% 2 6.9%
Depression, Anxiety and Stress Scales (DASS-21) 3 10.3% 0 0.0%
Other 5 17.2% 5 17.2%

Note: *An intervention can have multiple control situations or interventions (n=29). CA =

conversacional agent. Al = Artificial inteligence.
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Table 2. Meta-analysis by subgroups for depressive and anxiety symptoms.

n (measurements) SMD (95% CI) p Heterogeneity (I2) Cochran's Q (p
value)
Depressive By control group Waiting list / Nothing 6(7) 0.267 [-0.085 to 0.620]  0.137 67.50% 0.005
symptoms Usual treatment 24 0.111[-0.155t0 0.378]  0.413 0.00% 0.847
Information, psycho-education or bibliotherapy 6(7) 1.481[0.368 to 2.594]  0.009 95.20% <0.001
Conversational Computer-Based (only) 5(5) 1.513[-0.162 t0 3.188]  0.077 96.80% <0.001
By intervention group Rule-based NLP 1(1) - - - -
Al-based NLP 13 (18) 1.059 [0.520 to 1.597] <0.001 94.20% <0.001
Al-based NLP combine with other tech intervention 1(1) 0.086 [-1.154 to 1.327]  0.892 - -
Al-based NLP combine with other no-tech intervention 2(3) 0.006 [-0.277 t0 0.290]  0.964 0.00% 0.601
By scale used Patient Health Questionnaire (PHQ-9, PHQ-8) 11 (17) 0.914 [0.417 to 1.410]  <0.001 92.80% <0.001
Depression, Anxiety and Stress Scales (DASS-21) 2(2) - - - -
Anxious By control group Waiting list / Nothing 7 (8) 0.196 [0.042 to 0.351]  0.013 24.20% 0.236
symptoms Usual treatment 2(4) 0.133[-0.134 to 0.400]  0.329 0.00% 0.799
Information, psycho-education or bibliotherapy 7(8) 0.561 [0.195 to 0.927]  0.003 78.40% <0.001
Conversational Computer-Based (only) 3(3) -0.041 [-0.333 to 0.250]  0.782 0.00% 0.554
By intervention group Rule-based NLP 1(3) 0.379 [0.268 to 0.489]  0.000 0.0% 0.369
Al-based NLP 13(17) 0.302 [0.073 to 0.532] 0.010 68.10% <0.001
Al-based NLP combine with other tech intervention 0(0) - - - -
Al-based NLP combine with other no-tech intervention 2(3) 0.025 [-0.41 to 0.46] 0.910 30.70% 0.236
By scale used Generalized Anxiety Disorder (GAD-7) 9 (15) 0.333 [0.074 to 0.592]  0.012 71.70% <0.001
Depression, Anxiety and Stress Scales (DASS-21) 3(3) 0.050 [-0.352 t0 0.453]  0.806 47.30% 0.150

Note: n = Number of individual studies. Measurements = Number of measurements between comparators and intervention. CA = conversacional
agent. Al = Artificial inteligence. SMD = Standardized Mean Difference. Bold values are significant. Our study only presents meta-analyses with

at least three measurements.
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Multimedia Appendixes

PRISMA 2020 Checklist.
URL.: http://asset.jmir.pub/assets/1d2f5889f 11b8034b205¢32c80e81f 3c.docx

Search strategy.
URL: http://asset.jmir.pub/assets/'€938006a302b912b746c3644d2balbdd.docx

Excluded records.
URL: http://asset.jmir.pub/assets/c7adad 7e14d9f 4f66b418bb7d3d5e0ae.docx

Funnel plot by depressive and anxious symptoms.
URL: http://asset.jmir.pub/assets/8919b8e16f9c976499c08b0025h58993.docx

Risk of bias for individual studies for the outcome of depressive symptoms.
URL.: http://asset.jmir.pub/assets/ 78e33ca084d09385a31f 9f 5daele78bl.docx

Risk of bias for individual studies for the outcome of anxious symptoms.
URL: http://asset.jmir.pub/assets/00700da5428868768af 870a5c8a6¢641.docx
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