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ABSTRACT

Postpartum low back pain (LBP) is a prevalent health issue that significantly impairs
patients’ life.This study evaluates the application of machine learning (ML) in postpartum
LBP intervention. Given the scarcity of direct research, this review also synthesizes
findings from adjacent fields, including non-specific LBP and postpartum health issues
such as postpartum depression.The results indicate that while ML applications in related
areas are maturing, their use in postpartum LBP remains in its nascent stage (with only
four studies identified up to 2025). This review highlights key challenges in applying
ML to postpartum LBP, including participant recruitment and multi-dimensional data
integration. Finally, the report outlines future research directions, recommending the
adoption of established ML methodologies from adjacent fields to advance postpartum
LBP interventions.
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INTRODUCTION

Postpartum low back pain (LBP) or pelvic girdle pain (PGP) is one of the
common health issues following childbirth, typically manifested as soreness
or radiating pain in the lumbar region. Most patients with postpartum LBP
recover within three months after delivery (Gutke et al., 2018). However,
30% of women still report developing PGP after this (Nilsson-Wikmar
et al., 2003), and some cases may progress to chronic back pain, lasting
for months or even years. PGP is associated with functional limitations in
weight-bearing activities such as walking and standing (Nilsson-Wikmar
et al., 2003), leading to impairment in daily functioning (Robinson et al.,
2014). Additionally, postpartum LBP is often accompanied by other health
problems, such as urinary incontinence (Sjodahl et al., 2013) and depression
(Christopher et al., 2019), which severely impact a patient’s daily life.
Postpartum LBP arises from multiple risk factors spanning physiological,
psychological, and social aspects. For example, the growing uterus shifts the
centre of gravity forward, straining the lumbar muscles, ligaments, and joints.
These biomechanical changes increase lumbar disc pressure, which can lead
to or worsen LBP. Age and physical conditioning have also been identified as
potential risks. Postpartum activities can also trigger LBP. Maintaining flexed
and incorrect postures during breastfeeding often leads to sustained tension
in the lumbar musculature, which can trigger or worsen pain. Psychological
factors, such as postpartum depression (PPD) are also strongly correlated
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with heightened pain sensitivity. Patients with PPD are more likely to report
LBP, and the intensity of the pain is positively correlated with the level of
psychological stress (Ostgaard et al., 1993). Additionally, psychosocial
factors, including inadequate support from families and financial stress,
can worsen postpartum LBP by causing women to bear excessive physical
burdens from childcare and household duties.

Given the severe impact of postpartum LBP on patients’ mental health,
work efficiency, and quality of life, finding effective interventions is a critical
priority. Current management is broadly divided into non-pharmacological
and pharmacological approaches. The former includes physical therapy,
therapeutic exercise, and psychological interventions, while the latter
primarily involves analgesics such as acetaminophen and nonsteroidal anti-
inflammatory drugs (NSAIDs) (Li & Zhang, 2020). Due to breastfeeding
needs, non-pharmacological treatments are widely used. However, traditional
rehabilitation protocols often provide generalized guidance, failing to meet
the patients’ diverse needs due to their physical condition, lifestyle, and
recovery status.

In recent years, machine learning (ML) has advanced in medical
rehabilitation by utilizing complex data. This study aims to integrate
findings from related fields, evaluate the potential and challenges of ML in
postpartum LBP intervention, and identify the future direction of postpartum
LBP intervention driven by ML.

METHOD
Literature Search and Screening Strategy

A scoping review was performed following the PRISMA-ScR (PRISMA
Extension for Scoping Reviews) guidelines (Tricco et al., 2018). The search
covered PubMed, Scopus, Web of Science, IEEE Xplore, and Google Scholar.
The publication period was restricted to January 2015-October 2025 and
limited to English. Given the limited research applying ML to postpartum
LBP, this review also examined advances in related fields, including nonspecific
LBP and postpartum pain or depression, to ensure comprehensiveness.

A particularly relevant field is non-specific LBP. Due to similarity in
pathological mechanisms and rehabilitation strategies, this study reviewed the
application of ML in non-specific LBP to identify transferable methodologies.
The keywords were: (“machine learning” OR “artificial intelligence”) AND
(“low back pain”).

Another significant adjacent field is postpartum rehabilitation, particularly
postpartum pain and postpartum depression, which are often comorbid
with postpartum LBP. This stage aimed to explore the application of ML
to these related health issues and to deepen understanding of the specific
characteristics of the postpartum population. The keywords for this stage
were: (“machine learning” OR “artificial intelligence”) AND (“postpartum
pain” OR “postpartum depression”)

Ultimately, the research focused on the application of ML in postpartum
LBP. The keywords for this stage were: (“machine learning” OR “artificial
intelligence”) AND (“postpartum low back pain” OR “postpartum pelvic
girdle pain”).
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INCLUSION AND EXCLUSION CRITERIA

Following a full-text review of studies meeting preliminary criteria, the
inclusion criteria are: 1) Topic: studies applying ML to postpartum LBP or
related issues; 2) Study type: Original research articles, reviews, conference
papers, or preprints; 3) publication Period: January 2015 to October 2025.

The exclusion criteria are: 1) studies not involving ML; 2) animal studies;
3) non-English publications; 4) abstracts only, letters, or editorials.

RESULT
Screening Results

During the initial retrieval, a total of 1005, 340, and 56 studies were identified
from Stage 1, Stage 2, and Stage 3, respectively. Following a progressive
screening of titles, abstracts, and full-texts against the pre-defined eligibility
criteria, 66, 47, and 4 studies from Stage 1, Stage 2, and Stage 3 were
ultimately included (Fig.1).
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Figure 1: Literature retrieval process.

Machine Learning in Non-Specific Low Back Pain

66 studies were included for analysis. Research from 2017 to 2025
demonstrates a steady upward trajectory, with a notable acceleration after
2022. This field has attracted increasing research attention (Fig. 2). ML
in the management of non-specific LBP primarily focuses on three areas:
diagnosis and classification of LBP, prediction and prognostic assessment,
and personalized treatment.
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Number of Publications

Figure 2: The publication trend of literature on the application of ML in nonspecific
LBP.

Diagnosis and Classification

Relevant studies have found that applying ML models to analyse medical
images (e.g., magnetic resonance (MR) imaging, Aggarwal, 2021; X-rays,
Tan et al., 2018), biomechanical data (e.g., movement patterns, Abdollahi
et al., 2020; posture, Phan et al., 2024), and clinical data can stratify
heterogeneous patients into distinct subgroups, helping clinicians achieve
more precise diagnoses of non-specific LBP. Tan et al. (2018) developed a
natural language processing (NLP) system to identify lumbar spine imaging
findings associated with LBP.”

Prediction and Prognosis Assessment

By analysing patient data (e.g., early symptoms, medical history, and
physiological and psychological factors), ML can identify individuals at high
risk of developing chronic LBP. This enables early intervention to prevent
the condition from progressing. In a study targeting middle-aged and elderly
Chinese subjects, Liu et al. (2025) constructed prediction models using
seven ML algorithms, including Random Forest (RF) and extreme gradient
boosting (XGBoost), to predict LBP by using features such as walking speed,
grip strength, and self-rated health status.

By integrating multiple types of data, such as patient demographics and
clinical information, ML models can predict the effectiveness of specific
treatments for patients. Niederer et al. (2024) used a multivariable prediction
model to forecast rehabilitation success and future healthcare utilization in
patients with LBP. The study identified several prognostic factors influencing
recovery and found that a 3-week inpatient multimodal medical rehabilitation
intervention, incorporating physical and psychological strategies, may help
prevent future healthcare use.

Personalized Treatment

Some research demonstrates that ML models can recommend suitable
treatment for patients and clinicians, improving compliance and clinical
effectiveness. In a study by Rughani et al. (2023), the smartphone application
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“selfBACK” was used to provide personalized self-management and support
for patients with LBP, which was effective in alleviating their symptoms.
Hartley et al. (2024) combined wearable sensors with optical motion capture
technology to develop an ML model named “BACK-to-MOVE” for LBP
classification, facilitating the customization of physical interventions to meet
individual needs.

Machine Learning in Postpartum Pain and Depression

47 studies were included for analysis. Research in this field has increased in
recent years, with a notable surge after 2021 (Fig. 3). ML applications for
postpartum pain and PPD focus on three areas: early screening, personalized
treatment, and multi-source data analysis.
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Figure 3: The publication trend of literature on the application of ML in Postpartum
Pain and PD.

Early Screening

Some research has utilized ML models on demographic, clinical, and
psychosocial data to assess the risk of onset for postpartum disorders,
including postpartum depression, to facilitate preventive care within the
postpartum recovery process. Xu and Sampson (2023) employed an RF model
to explore physiological, psychological, and social factors during pregnancy
and childbirth, identifying the most significant predictors of postpartum pain
and depression.

Personalized Treatment Multi-Source Data Analysis

Some research employs ML models that integrate Electronic Health Records
(EHR) with wearable device data to enable real-time risk monitoring, thereby
facilitating targeted interventions (e.g., medication or psychological support)
for the combined management of pain and depression (Zhang et al.,2024). De
Souza et al. (2024) developed a smartphone application that leverages Al to
enable self-assessment for individuals experiencing postpartum breast pain,
thereby improving the efficiency of physician-led telemedicine consultations.
Poudyal et al. (2019) demonstrated that wearable digital sensors enable
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the passive collection of data to identify PPD risk in adolescent mothers,
facilitating the delivery of personalized psychotherapy.

Multi-Source Data Analysis

Utilizing biological (e.g., plasma proteomics; S. Wang et al., 2025) and
unstructured data, ML models predict postpartum depression, enhancing
comprehensive recovery assessment for holistic care. Fatima et al. (2019)
introduced a generalized approach that extracts linguistic features from
social media posts and classifies them using various ML techniques as general,
depressive, or indicative of PPD. Qi et al. (2025) employed ML models,
including Logistic Regression and XG Boost, to integrate four categories
of predictors, demographic characteristics, psychiatric history, psychosocial
factors, and physiological indicators, to identify the risk of postpartum
depression.

Machine Learning in Postpartum Low Back Pain

Only four studies were included in the analysis. There is an absence of studies
in this field from 2015 to 2023. Subsequently, two articles were published
in each of the years 2024 and 20235, likely driven by advances in Al and
increasing social concern for women’s health (Fig. 4). This pattern indicates
that the field is still in the early stages of exploration. Currently, ML has three
main applications in the intervention of postpartum LBP: risk identification,
movement pattern analysis, and comprehensive diagnosis and management.
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Figure 4: The publication trend of literature on the application of ML in postpartum
LBP.

Risk Identification

Relevant studies have found that models such as XG Boost and RF can
identify risk factors to support early intervention for postpartum LBP. Liu
et al. (2025) compared the predictive performance of six ML algorithms
for postpartum pain, including LBP. The study identified five risk factors for
postpartum pain, with the XG Boost algorithm demonstrating the strongest
performance. Ashrafi et al. (2025) used ML models such as XG Boost and LR
to identify women at risk of pregnancy-related LBP. Their study found that
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a history of LBP/PGP during previous pregnancies was the most significant
predictor.

Movement Pattern Analysis

By analysing movement data, patients can be more effectively guided in their
physical therapy with targeted interventions. Abdel Hady and Abd El-Hafeez
(2024) trained an ML model using diverse data (e.g., age, height, BMI, pain
levels, and trunk movement patterns) from patients with postpartum LBP.
This was done to understand and predict the range of motion (ROM) in the
lumbar region and to identify the strongest predictors of limited ROM in
these patients.

Comprehensive Diagnosis and Management

In a study by Wang (2025), textual data for Postpartum Pain Diagnosis
(PPDD) were collected from patient-reported symptoms, medical records,
and Traditional Chinese Medicine (TCM) diagnostic records. By integrating
NLP with TCM principles, their work analysed Postpartum Pain (PPP)
management, including LBP. In this study, a “Refined Coyote Optimized
Deep Recurrent Neural Network (RCO-DRNN)” model was employed to
predict pain patterns and tailor an appropriate treatment course.

DISCUSSION

This review finds that while ML demonstrates significant potential in
rehabilitating non-specific LBP, postpartum pain, and depression, its
application in postpartum LBP remains scarce. To move beyond traditional
rehabilitation, integrating intelligent technologies is essential to meet
personalized patient needs.

Key Challenges and Future Directions
Lack of Clinical Validation

The existing studies lack large-scale randomized controlled trials and
longitudinal follow-up. Thus, the effectiveness, long-term impact, and clinical
applicability of ML in postpartum LBP interventions remain poorly evaluated,
thereby limiting their translation to clinical practice. Future research should
employ longitudinal studies to elucidate the progression of postpartum LBP
and evaluate the effectiveness of different treatment strategies. Collaboration
with clinicians should be pursued to enhance the validation of predictive
models.

Challenges in Subject Recruitment

A major impediment in current research is the difficulty in acquiring
sufficient samples. A case in point is Abdel Hady and Abd El-Hafeez’s
(2024) study. Due to factors such as time constraints, the responsibility
of taking care of children, psychological stress, and physical discomfort,
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postpartum women often encounter difficulties in participating in research.
Additionally, marginalized groups may face barriers to accessing recruitment
advertisements (Parks et al., 2022).

Small sample sizes can affect model prediction accuracy, limiting model
development and clinical translation. Research shows that postpartum women
perceive information from healthcare professionals, friends or family, and
other expert sources as more trustworthy (Beasley et al., 2020). Therefore,
in future studies, researchers could enhance participant recruitment rates by
advertising across diverse channels such as social media, healthcare facilities,
government agencies, educational institutions, and child-friendly spaces.

Model Interpretability and Clinical Transparency

A major barrier to the clinical adoption of ML models is the lack of
interpretability, especially for those sensitive health predictions. Some
complex models, such as high-performance deep neural networks, may
undermine physician trust and limit clinical translation due to their “black-
box” nature. Future research must prioritize Explainable Artificial Intelligence
(XAI). For high-performance models, post-hoc explanation techniques must
be employed.

Privacy and Security

Patient privacy is of vital importance when developing ML models or
applications for postpartum LBP intervention. The datasets involved typically
contain sensitive personal information, including basic demographics,
physiological data, medical history, mental health status, and even family
relationships. Technologies such as encryption, access control and secure
multi-party computation can ensure that sensitive data remains confidential
and protected from attacks by malicious actors, thereby helping reduce these
risks.

Future Directions: Insights From Adjacent Fields
Integration of Multidimensional Data

The occurrence and development of postpartum LBP involve multiple factors,
including physiological, psychological, and social or family. Studies on ML
interventions for non-specific LBP and PPD have successfully integrated
multi-source data, including biological data (such as cytokines, thyroid
indicators) and unstructured data (such as social media texts).

Therefore, future research on postpartum LBP should also establish
multidimensional, multimodal datasets, with a focus on incorporating
postpartum-specific biomarkers and psychosocial text data. However,
these data sources are fragmented, with significant differences in format
and collection methods, posing substantial integration challenges. Future
research should preprocess and normalise data to ensure compatibility
across different data types; concurrently, it should employ model fusion
techniques to effectively integrate information from these diverse sources
while preserving their unique qualities.
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Precise Subtyping

Current research has made initial progress in applying machine learning
to identify risk factors for postpartum low back pain and analyse its
movement patterns. However, there are significant variations in patients’
clinical presentations. By drawing on technical approaches from related
fields, future applications of machine learning must move beyond the risk
identification stage and shift towards precise patient subtyping, categorising
this heterogeneous population into distinct clinical subgroups to enable
targeted treatment.

Personalized Intervention

Current research concerning ML in postpartum LBP intervention has begun
to explore comprehensive diagnosis and management. Meanwhile, in adjacent
fields, researchers have already developed programs and applications capable
of personalized treatment, such as ‘selfBACK’ (Rughani et al., 2023) and
‘LCBuddy’ (De Souza, Chamberlain, & Wang, 2024) . In the future, ML
technology can be leveraged to develop service systems capable of real-time
detection of postpartum LBP, providing personalized rehabilitation plans
based on the patient’s condition, and dynamically adjusting those plans in
response to patient feedback.

Limitations

Firstly, this study included only English-language literature and might have
overlooked important research in other languages. Secondly, to capture
the latest developments, the study incorporated conference abstracts and
preprints. Finally, limiting the scope to the past decade may have missed
earlier foundational research.

CONCLUSION

ML applications in postpartum LBP intervention are still in their infancy.
However, significant progress has been made in adjacent fields such as non-
specific LBP and other postpartum health issues. This review identifies key
challenges in clinical validation, subject recruitment, model Interpretability,
and privacy security. This study also integrates transferable methods from
adjacent domains, such as precise subgrouping, multi-source data analysis,
and app-based personalized interventions, that provide clear directions for
future research.
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