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Peripartum depression (PPD) is a significant public health problem, yet many women who experience PPD do not receive adequate treatment. In many cases, this is due to social stigmas surrounding PPD that prevent women from disclosing their symptoms to their providers. Examples of these are fear of being labeled a “bad mother,” or having misinformed expectations regarding motherhood. Online forums dedicated to PPD can provide a practical setting where women can better manage their mental health in the peripartum period. Data from such forums can be systematically analyzed to understand the technology and information needs of women experiencing PPD. However, deeper insights are needed on how best to translate information derived from online forum data into digital health features. In this study, we aim to adapt a digital health development framework, Digilego, toward translation of our results from social media analysis to inform digital features of a mobile intervention that promotes PPD prevention and self-management. The first step in our adaption was to conduct a user need analysis through semi-automated analysis of peer interactions in two highly popular PPD online forums: What to Expect and BabyCenter. This included the development of a machine learning pipeline that allowed us to automatically classify user post content according to major communication themes that manifested in the forums. This was followed by mapping the results of our user needs analysis to existing behavior change and engagement optimization models. Our analysis has revealed major themes being discussed by users of these online forums- family and friends, medications, symptom disclosure, breastfeeding, and social support in the peripartum period. Our results indicate that Random Forest was the best performing model in automatic text classification of user posts, when compared to Support Vector Machine, and Logistic Regression models. Computerized text analysis revealed that posts had an average length of 94 words, and had a balance between positive and negative emotions. Our Digilego-powered theory mapping also indicated that digital platforms dedicated to PPD prevention and management should contain features ranging from educational content on practical aspects of the peripartum period to inclusion of collaborative care processes that support shared decision making, as well as forum moderation strategies to address issues with cyberbullying.
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INTRODUCTION

Peripartum depression (PPD) is a condition which affects ~1 in 10 pregnant women and new mothers in the U.S. every year (1, 2). It is attributed to a variety of factors, ranging from the biological fluctuation of hormones in the peripartum period to socioeconomic factors such as, the additional economic strain that may come with having a new infant (3). PPD symptoms include: changes in energy levels, change in appetite, feelings of guilt or worthlessness, inability to bond with the infant, and thoughts of harming oneself or the infant (4). Some risk factors for PPD are: a previous history of depression, complications during pregnancy, or after childbirth, low socioeconomic status, multiparity (a birth resulting in two or more children), and adverse life events (5). PPD can be treated with therapy programs such as cognitive behavioral therapy, and/or pharmacotherapy. The most common medications of choice for PPD are those of the selective serotonin-reuptake inhibitors (SSRIs) class (6, 7). If untreated, PPD can result in adverse health outcomes such as longer depression episodes for women and later cognitive and behavioral problems for the infant (8, 9). Rates of screening for PPD in primary care settings are below 50%, indicating missed opportunities to screen more women (10). A common instrument used for screening is the Edinburg Postnatal Depression Scale (EPDS). It is a self-reporting instrument of ten questions that can be completed in minutes and that has been shown to have good reliability (11). Even after diagnosis, it has been reported that only about 13% of PPD cases receive adequate treatment (12). Many women do not receive treatment due to difficulty accessing mental healthcare resources (examples: limited insurance coverage, lack of transportation, lack of childcare) (13). Others do not receive treatment due to social stigmas; for example, fear of being seen as an unfit parent or even losing custody of their child can keep women from the important step of disclosing their mental health struggles (13).


Role of Digital Technologies in Peripartum Depression Management

One possible solution to bridge inadequacies in access to PPD care is the use of digital technologies and analytics to better understand women's needs and develop responsive solutions to help prevent and self-manage PPD. For example, a mobile health app dedicated to PPD management can provide women with the flexibility of completing a therapy program at their own pace and wherever they choose (14). Such mobile health solutions have been shown to have good acceptance by both clinical providers and peripartum women (15, 16). In order to adequately assist with the prevention and management of PPD, the information architecture of these technologies should be based on robust assessment of peripartum women's information and technology needs. For example, focus group studies conducted regarding women's experiences with use of technology for their pregnancy and mental health management have revealed women's enthusiastic attitudes regarding use of applications as part of their pregnancy journey, and indicate women's willingness and inclination to receive information about mental health and pregnancy from trustworthy sources such as their providers. However, more investigation is needed to thoroughly understand women's information and technology needs in the management of their mental health during the peripartum period. While several studies have conducted focus groups and interviews to gain deeper understanding of women's needs (17–19), data from additional sources such as online social media must be leveraged to capture women's views across different settings, given high use of these platforms by women to manage their health in general and specifically during pregnancies (20, 21). The mining of social media can offer researchers many advantages over other traditional methods (i.e., focus groups and interviews) in determining user needs through capture of rich ecological context: (a) by assessing the nature of user interactions in built digital environments, which allows researchers to unpack technology specifications that are more responsive to individual's sociotechnical needs (22), (b) by natural language modeling that reflects users' culture and emotional context (23), and (c) by harvesting data from an environment that is less controlled than focus groups and interviews, and where participants may feel more enticed to disclose honest opinions (24). However, the inherent representational bias associated with these platforms requires researchers to be cognizant of demographic constituents and community compositions to ensure generalizability of the lessons learned from these analyses and should often complement with alternative traditional methods of inquiry (25). Despite these shortcomings, online forums provide us with unique opportunities to model information needs as well as psychosocial factors related to PPD prevention and management (26).


Online Forums and Peripartum Depression Management

Online forums are widely used by women to discuss and obtain information about pregnancy. For example, pregnancy is the number one topic being discussed by women in the health forums of WebMD and drug review websites including Drugs.com (21). In this setting, women can build a sense of community where they provide each other support of all types: emotional (messages of encouragement), instrumental (tools such as, websites for relaxation techniques), and informational (personal knowledge and experiences) (20, 27, 28). More importantly, some studies have shown that online forums are especially useful in eliminating the social stigma surrounding PPD; this allows women more freedom to disclose their experiences and symptoms (27). Furthermore, peer support through social media can play an important factor in increasing patient adherence to positive health behaviors, indicating that health providers can leverage online social forums to reinforce healthcare plans for PPD management (29).

Online forums can help break down barriers to PPD care by providing participants reassurance in knowing that they are not alone in experiencing postnatal mental illness (20, 27). They can also help women better understand PPD, and reduce their own internal stigma regarding mental illness in the postnatal period. Internal stigma refers to the intrapersonal negative statements a person can have regarding a condition or group of people (27). Because of this reduction in internal stigma, it is common for women to disclose PPD symptoms in an online setting rather than face-to-face (20, 27). However, it is precisely the open nature of forums that can also make some women feel apprehensive. Participant's interactions in online forums can be complex. In a previous survey study (28), participants revealed that a negative aspect of the forums was the dramatic nature of some content, and the possibility of some participants feeling left out. Some participants stated that at times, “popular” forum users (users who are very active and receive a lot of peer responses in the forum) could create a sense of “in-groups,” that is to cause other participants to feel ignored. Therefore, health providers should approach online forums with caution. While they can be a useful tool for purposes such as, social support and symptom disclosure (20, 27), these sources can also present potentially harmful content (28). It has been suggested that mental health providers can use social media (including online forums) as an important source of information and feedback regarding their patients (30), therefore providers should have an active role in their patient's use of these resources.

A unique advantage of social media outlets such as online forums is that their data can be systematically analyzed to produce useful information for identification and management of various diseases, including mental health illnesses. Some examples are the application of computational linguistic analysis to identify Twitter posts where users show signs of schizophrenia (31), and the application of machine learning techniques in online cancer support groups to extract participant's behaviors, treatments, and emotions (32). However, within the domain of PPD there are very few existing studies which use systematic methods to analyze content of user posts from social media. In a study using the concept recognition software programs of MetaMapLite (MMLite) and Human Phenotype Ontology (HPO), Chowdhuri and colleagues (33) were able to map PPD terms extracted from 10,584 posts in the online social forums “Postpartum Depression and Postpartum Anxiety Support Group” and “Postpartum Anxiety Support Group” from the commercial website BabyCenter. Some of the most common terms found in the posts were: “anxiety,” “depression,” “insomnia,” “baby,” and “ppd.” Additionally, a mapping of the most common medication names in the posts included “Zoloft,” “Lexapro,” and “Celexa.” An evaluation of MMLite performance in identifying PPD-related terms showed that the software had a precision of 86.7% and a recall of 81.3%. In a similar study, Fatima and colleagues (34) extracted linguistic features from PPD forums in the social media website Reddit. Through use of various machine learning techniques, the researchers were able to predict PPD content in user posts with 86.9% accuracy. This high level of accuracy was achieved by the machine learning model of multilayer perceptron, which outperformed those of logistic regression and support vector machine.

The aforementioned studies on online forums and PPD clearly outline the advantages women can experience from participating in these, as it pertains to the management of their mental health during the peripartum period (i.e., a sense of community, reduced stigma). However, these studies also lack insights on how best to translate the information present in PPD online forums into digital PPD management solutions that women can use in their everyday routines. Therefore, the purpose of this study is to analyze data from online forums through the lens of digital health technology development. We will achieve this by first conducting a qualitative analysis of user post content from two popular PPD online forums. This will provide us with a better understanding of common topics being discussed, and women's PPD-related knowledge, and their accounts of experiences with PPD management. Then, we will develop and apply a machine learning pipeline to automatically label user posts with the major categories of discussion topics. Our findings will ultimately be used to inform the development of a mobile health application dedicated to PPD prevention and management, which is described below.



MomMind: A Mobile Health Solution for Peripartum Depression Management

The proposed mobile health application (MomMind) is driven by our digital health development framework Digilego (35) and is dedicated to providing education, self-monitoring, activities, and support to women in the peripartum period to help them with reducing risk for PPD or self-management of PPD if already diagnosed. Once the application is set up, users will be able to access six different features that will engage them across multilevel factors (clinical, social) affecting PPD. These features are: (a) “My Diary,” a journaling feature where users can personally narrate their experiences, (b) “MomTalk,” an integrated social forum to share experiences with fellow peripartum women, and receive and provide social support, (c) “My Care,” a bidirectional communication channel with providers, (d) “My Library,” a repository of multimedia educational content, (e) “How am I feeling today?,” a repository of evidence-based surveys (36, 37) to monitor depression symptoms, and (f) “My Tasks,” where users can select tasks meant to alleviate PPD symptoms (e.g., going for a walk, writing a journal entry) from a master task list curated by PPD clinical experts. Users will be able to freely interact with any feature of the application at any time they choose. The application is also meant to facilitate collaboration between users and their provider. For example, through leveraging data from the “My Diary” and “How am I feeling today?” modules, both users and providers can have a better understanding of the user's symptom progress and the underlying reasons behind it. In our previous studies, we employed multiple methods (38, 39) to inform the feature development of the proposed digital platform. In this study, we focus on social media analysis techniques to further advance our development efforts and inform the conception and refinement of empirically-driven digital features.





MATERIALS AND METHODS

In this study, we use the Digilego framework to bridge our social media analysis and digital health development efforts. Digilego is a digital health development framework that produces patient-facing digital health solutions that are theory-driven, engaging for sustained use, and that facilitate care coordination processes (35). It is an ideal framework in the context of our study because it includes a component of user needs analysis using mixed methods (ranging from social media to focus groups and interviews). The framework has been previously employed to successfully delineate and implement digital health solutions for young adult cancer survivors by leveraging data from online communities for cancer survivors (40), and it has also been employed in the context of daily stress management (41). Here, we adapt the Digilego framework to the specific condition of PPD through the following steps: (1) Social media analysis of PPD online forums, (2) use of Mohr's Behavioral Intervention Technologies (BIT) model as theoretical basis to assist in implementing behavior change, (3) use of the Healthcare Information and Management Systems Society (HIMSS) Patient Engagement Framework (PEF) to ensure optimal user engagement, and (4) development of multi-level and reusable PPD digital features (called Digilego blocks) that assist users with various aspects of their care management. Our methods are illustrated in Figure 1.


[image: Figure 1]
FIGURE 1. Digilego-powered translation: bridging social media analysis to digital health development.



Step 1: Social Media Analysis

As part of our user needs analysis, we have created a complete Python pipeline, beginning with the extraction of data from two popular PPD-specific online forums and ending with a final coded dataset containing posts classified by a machine learning (ML) model. All tasks of our pipeline were completed using Python version 3.7 (42). The tasks that we incorporated into this pipeline are: (1) data extraction and pre-processing and (2) Semi-automated multilabel text classification. Because we also wanted to obtain the social and psychological characteristics of user posts, we conducted computerized text analysis using Linguistic Inquiry and Word Count (LIWC) software.


Data Extraction and Pre-processing

To acquire the data for our study, we extracted user posts from online forums using web scraping techniques. We used the open-source web-scraping software package Scrapy (43) to accomplish this task. This software allows the user to write their own “spiders.” Spiders are Python programs that crawl websites according to user specifications.

The online forums selected to extract our datasets are:

a) “Postpartum Depression” forum from the website What to Expect (44). What To Expect is based on the book by Heidi Murkoff (45), and it contains forums on a variety of topics. The website receives a total of 800,000 new user posts every month, and has a user population of ~13 million women. The accompanying app is also the best rated pregnancy app in the Apple App store (46).

b) “Postpartum Depression, Anxiety, and Related Topics” from the BabyCenter website (47). BabyCenter is visited by 7 in 10 pregnant and postpartum women who use online resources for information. The website is available in many countries, and its content is available in many languages (48).

The data extracted from the forums is publicly available and has been scrubbed for any identifiers. The text extracted from the online social forums was pre-processed by first removing unwanted characters, white spaces, and making all text lowercase. Then, stopwords (common prepositions such as “a,” “of” which normally do not have semantic meaning) were removed (49). Finally, the process of stemming was applied to each word. Stemming transforms a word into its root format (e.g., “depression” and “depressed” both have the root “depress”) (50). Overall, a dataset with 62,015 posts is considered for analysis.



Semi-automated Multilabel Text Classification
 
Manual Coding

To start with, we randomly selected a sub-set of 850 user posts from our extracted dataset of 5,532 posts from What to Expect to perform manual labeling. Coding categories for the user posts, along with examples found in our labeled dataset, are described in Table 1. We arrived at our coding categories through qualitative grounded-theory analysis (51) of our extracted user posts. Open coding was done in a line-by-line analysis of user posts to derive the concepts being discussed. This was followed by axial coding, where patterns and relationships among the open codes were discovered. This process resulted in the emerging of coding categories used in our manual labeling. Our resulting coding categories are not mutually exclusive. Grounded-theory analysis and manual coding was conducted by a single coder. Additionally, a second coder manually coded a randomly selected subset of 100 user posts using the categories derived from grounded theory analysis. This allowed us to assess interrater reliability (Cohen's Kappa). Any discrepancies in manual coding were discussed among both coders until a mutual agreement was reached.


Table 1. Coding categories.

[image: Table 1]




Multilabel Text Classification

Our study explored the utility of various supervised machine learning (ML) classifiers for automatic text classification. When implementing our ML classifiers, we used a test-train split ratio in our labeled dataset of 0.33–0.67. We also employed the One-vs-the-rest multilabel strategy, in which a binary classifier is trained for each category, and then each category is fitted against all others (52). Through this strategy, each post is coded as 0 or 1 for each label. We evaluated the performance of three ML classifiers using our manually labeled dataset: Logistic Regression (LR), Random Forest (RF), and Support Vector Machine (SVM). Logistic regression functions in text classification tasks by computing the Bayesian probability of a given text falling into a class (53). Random forest classifies text by building a decision tree with subsets of the data (54). SVM performs text classification by separating data into classes after finding the best line of separation between classes. The line of separation can also be called a hyperplane (a two-dimensional space) (55).

The metrics we used for comparison are: precision, recall, and F1 score (56). Precision refers to the fraction of classifications made by the ML model which are correct. Recall refers to the fraction of classifications made by the ML model which coincide with our manual labeling. F1 score is the mean of precision and recall. After model comparison, the final step in our pipeline was to use the best performing model to code a test set of 56,483 previously unseen user posts from BabyCenter.



Computerized Text Analysis

We have used LIWC software (57) to obtain social and psychological characteristics of user posts in our manually labeled data set. LIWC breaks down user's writing into basic units like pronouns, and then systematically categorizes words according to pre-defined dictionaries. The main strength of this analysis is that it allows researchers to discover relationships between users' choice words and their psychological characteristics (i.e., how confident, anxious, or angry they are) (58). In our study, we are using LIWC to report the following linguistic dimensions:

a) Average Word Count: the mean number of words per post.

b) Analytic: critical thinking shown in the writing.

c) Clout: the level of confidence in a writer's language.

e) Authenticity: a measure of honesty shown in the writing.

d) Tone: the amount of affective language present in the writing.

The dimensions of Analytic, Clout, Authenticity, and Tone are calculated as the percentage of words which match the words in existing dictionaries representing each dimension. We also explored the emotional characteristics of posts through the following LIWC dimensions: Positive Emotion, Negative Emotion, Anxiety, and Anger. These are also calculated and reported as the percentage of words in a post that match the dictionary words for each emotion dimension.




Step 2: Theory Mapping

Mohr's Behavioral Intervention Technology (BIT) model (59) helps developers plan the initial stages of technology development by asking five questions: Why? (Why are users going to use the technology?), How? (How will users reach the established goals of the technology; refers to both conceptual and technical factors), What? (What elements will be included in the technology?) and When? (When will the users be using the technology?). This offers digital health developers the advantage of planning intervention technology development both at the conceptual and technical levels. We have used this model to advance the initial architecture (developed using focus groups and interviews) of MomMind based on results from our social media analysis.

In this study, the mapping of the Why, When, and How? (technical) components of the BIT model to PPD digital features was done in collaboration with a team including two digital health and analytics researchers, as well as two PPD clinical experts. These components were determined through a process of iterative team discussions, in which agreement was reached by all members.

The BIT model is not meant to be used as an exhaustive model in technology development, as some of its components may require other theories or models for further specification of technology development (59). Therefore, to help us answer the conceptual aspect of the BIT model's How? question, we have selected Michie's Behavior Change Taxonomy (BCT) (60). This taxonomy will assist us in defining the active ingredients that our technology will employ to facilitate PPD management for the user. The BCT taxonomy is informed by disciplines of psychology, engineering, and behavioral science to create a comprehensive list of 93 possible techniques that are divided into 16 hierarchy groups, ranging from “Goals and planning” to “Covert learning.” These techniques have been previously implemented in cross-domain behavior change interventions and shown to be effective in facilitating a variety of behavior changes for patients. BCTs are useful in promoting effective self-management of disease, and improving patients' engagement in protective health behaviors (61). Because these are two of our main goals with MomMind, the taxonomy is well-aligned with the purposes of our proposed digital health solution. In this study, we have leveraged the results from our social media analysis to choose the best BCTs in the context of PPD self-management through a thorough an iterative mapping process in which a single researcher manually reviewed the complete range of 93 techniques available, and ascertained the utility and scalability of the techniques that best fit to PPD management.

To assist us in outlining the What? component of the BIT model, we have employed the Health Information and Management System Society's (HIMSS) Patient Engagement Framework (62) to define the technical elements to be included in MomMind. This is explained in detail in the following Step 3.



Step 3: Engagement Optimization

The HIMSS PEF framework (62) consists of five cumulative patient engagement levels: “Inform Me,” “Engage Me,” “Empower Me,” “Partner with Me,” and “Support my e-Community.” Within these levels are 14 engagement categories that specify tools to facilitate each engagement level. The level of “Inform Me” begins with the following four engagement categories: Information and Way Finding (i.e., service directory), e-Tools (i.e., health encyclopedia), Forms, and Patient-specific Education. The “Engage Me” and “Empower Me” levels add the engagement categories of Patient Access to Records, Patient-Generated Data, and Interoperable Records. The “Partner with Me” level adds the Collaborative Care engagement category, which allow the patient to access care information from as many specialties as needed. Finally, the “Support My e-Community” level adds the Community Support category, which includes tools such as online forums. We have chosen the framework to identify the digital tools that will help us reach an optimal level of patient engagement in their PPD care, given its granular focus on engaging patients through digital formats (i.e., telehealth visits, electronic patient forms). Additionally, the HIMSS framework is appropriate for engaging the PPD population due to its focus on interdisciplinary clinical collaboration and community building, both important factors in PPD management (63). Our mapping process of the HIMSS PEF framework to digital engagement features for PPD care was similar to our theory mapping described in Step 2: the 14 engagement categories were manually reviewed, and based on the information resulting from our grounded theory analysis, those that best corresponded to our user needs were selected.



Step 4: Digital Features (PPD-Specific Digilego Blocks)

Based on results from our user needs analysis from social media, theory mapping, and engagement optimization, we have described digital features that are the best fit for the technology and information needs of women during the challenging peripartum period. These features are aimed to assist women with the complex task of managing their mental health while meeting family and work responsibilities as a new or expectant mother.




RESULTS


Social Media Analysis
 
Data Extraction

We successfully extracted 5,532 user posts from the What to Expect “Postpartum Depression” forum and 56,483 user posts from Baby Center's “Postpartum Depression, Anxiety, and Related Topics” forum. Our dataset was extracted into a CSV format, and contains the following variables: post title, author (online alias), post content, date of post, and number of reply comments for each post.



Semi-automated Multilabel Text Classification
 
Manual Coding

We randomly selected 850 user posts from our What to Expect extracted dataset for manual labeling. In our manual labeling of user posts, we found that the top category was “Social Support” with 473 posts, followed by “Symptom Disclosure” with 390. The category of “Medications” was applied to 370 posts, and “Family and Friends” to 311 posts. The least applied category was “Breastfeeding” with 227 posts. These results are illustrated in Figure 2. Our interrater reliability assessment indicated that raters had substantial agreement within all categories (Table 2).


[image: Figure 2]
FIGURE 2. Thematic distribution of PPD-related online social interactions using manual coding.



Table 2. Interrater reliability for manual coding.
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Multilabel Text Classification

When comparing the performances of the LR, RF, and SVM models in predicting categories for our labeled data, we found that RF had the best performance. Model performances are summarized in Table 3. We selected RF as the best performing model and used it to predict categories for user comments in our unlabeled dataset of 56,484 user posts from BabyCenter. The most populous category was “Social Support” with 50,337 comments, followed by “Medications” with 10,499. The least used category was “Breastfeeding” with 532 comments. These results are summarized in Figure 3.


Table 3. Automatic text classification model performance.
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[image: Figure 3]
FIGURE 3. Thematic distributions of PPD-related online social interactions using automated classification.




Computerized Text Analysis

Text analysis results using LIWC are reported in Tables 4, 5. A user post contained, on average, 94 words. The average analytic score was 28.31. The average clout score of 44.91 indicates that users were moderately confident within their writing. This is coherent with the nature of online social forum discussions: users are confident of the information they provide because it is based on their personal experiences, yet many are also looking for reassurance or further information on a topic. User posts had an average authenticity score of 65.71. Finally, the average tone score of 39.52 indicates that while many of the posts do consist of emotional content, most of them also show objective content. In regards to the emotional characteristics of the dataset, we found that positive emotions had the highest percentage of words in user posts (Table 5). However, negative emotions did not fall far behind. Anxiety had a very low score, as did Anger. This may be indicative of the supportive nature of online PPD forums.


Table 4. Linguistic characteristics of training dataset.
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Table 5. Emotional characteristics of training dataset.
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Our computerized text analysis helps inform our digital health development process by illustrating the emotionally complex nature of interactions within PPD online forums. Even though these forums are meant to be supportive in nature, at times participants can also exhibit language that is emotionally negative, as shown in the following example:

“I'm unhappy with my life. I love my daughter. I love my husband most of the time. I hate my step son. I work hard am educated and I bring home a decent salary. I hate the house I live in. Husband bought it with wife 1. It's small and ugly. It's always dirty. I clean and clean and can hardly keep up. We have too many pets to take care of but don't want to get rid of them - they cause a lot of the mess and stress. My husband and crappy step son cause the rest of the mess. I just need a pity party. I want to have that little family I love - without a step kid in it. I want a nice and clean house to come home too. Is that so much to ask” (Post #691).




Theory Mapping

Table 6 shows our mapping of the BIT model to the development of technology for the management of PPD. Through this mapping, our collaborating team of PPD clinical experts and digital health and analytics researchers have determined that the main reason behind our technology (the Why?) is the increase of women's knowledge about PPD and their subsequently improved self-management of mental health throughout the peripartum period. It was also determined that the technology should take the form of a mobile health application (the technical How?), and that women should be able to use it at any desired time during the peripartum period (the When?).


Table 6. Theory mapping.

[image: Table 6]

The conceptual How? of our technology are behavior change techniques appropriate to PPD self-management. These techniques are selected from the existing BCT model and can be seen in further detail in Table 7. All of our selected techniques are responsive to the PPD topics discussed by our target population, as manifested in their social media interactions. For instance, breastfeeding management was an important topic to forum participants. The techniques of associative learning and credible source were selected with this topic in consideration. The What? of our technology are digital features that facilitate PPD management. Similar to the conceptual How? of our technology, we have defined these features based on the information needs of our target population as shown in the major PPD topics discussed. Therefore, our digital features will facilitate: medication management, social support, symptom disclosure, breastfeeding, and family and friend dynamics. The specific technical elements through which these features will engage our users are listed in more detail in our engagement optimization results (Table 7).


Table 7. Mapping of PPD digital features to behavior change techniques and engagement optimization.

[image: Table 7]



Engagement Optimization

Our results for Engagement Optimization are reported in Table 7. Similar to our theory mapping step, our engagement features are based on themes found through our user need analysis. For example, the theme of breastfeeding management was mapped to the lowest patient engagement level in PEF (“Inform Me”) and falls under the engagement category of eTools. The specific engagement tools that are appropriate for this theme are wellness guidance and prevention (which are planned to be implemented in the form of education videos and information resources). The themes of social support and family and friends reach the highest level of patient engagement in PEF (“Support my e-Community”). These themes fall under the engagement category of community support, and features such as online community support forums and resources for all care team members (caregivers, family, friends) are appropriate to address these themes of user need. Table 7 also includes the specific behavior change techniques we have selected for implementation in our technology; these range from pharmacological support to self-talk. The array of patient engagement features and behavior change techniques we have chosen based on our user needs analysis (Table 7) are aligned our intentions with Mom Mind, which are to provide education, self-monitoring, activities, and support to women in the peripartum period.



Digital Features (Digilego Blocks)

Based on results from our previous steps, we have identified the following digital features as appropriate for PPD management:

(a) Medication Management Features: our platform should include features that aid users with medication management and education. The education materials should reinforce that antidepressants, unlike some other medications, are not “one-size fits all,” and that every woman will have unique medication regimes in their mental health care. Educational videos could be included to inform the user of popular antidepressants used during pregnancy, the possible side effects they can experience, and how their doctor will likely be managing their medication (i.e., tapering, combining antidepressants with other medications). Another feature that should be included is a calendar with medication reminders.

(b) Breastfeeding Management Features: It was clear from our content analysis that our users saw a correlation between breastfeeding and their mental health status; interestingly, it seems that most of our users experienced a sense of relief once they stopped breastfeeding. Therefore, our digital platform should include evidenced-based information on the relationship between breastfeeding and PPD as part of the education materials. Ideal education materials would be videos featuring PPD clinical experts explaining different approaches to breastfeeding for women who experience PPD, or an article highlighting recommendations from entities such as the American Academy of Pediatrics or the American College of Obstetricians and Gynecologists. Additionally, our platform can include practical resources such as contact information for lactation consultants.

(c) Social Media Features: Our results clearly indicate that social media provides users with a sense of community and social support. In our content analysis we observed that this sense of community helped users feel like they were not alone in their mental health struggles. This, in turn, helped them with the important step of disclosing their symptoms. Therefore, our platform should include features such as, the ability to share posts and pictures with others, which are common features of social media platforms. However, based on previous work and our qualitative post content analysis, we would not include features that would lead to the platform becoming a popularity contest. These include the features of “Like” and “Follow” buttons. Participants and forum moderators should be able to mark posts of such nature if they contain language that can potentially trigger depression symptoms for other participants or if the post exhibits abusive language. Therefore, features along the lines of a “Warning: Potential Triggers” banner or a “Report User” button should be included in PPD-specific technology to help censor such content.

(d) Shared Access Features: We have observed in our content analysis that most users would like their partners to have a more active role during the peripartum period, but many struggled with involving them in their everyday routine (i.e., caring for baby, household chores) and did not know how to talk to their partners about mental health. Therefore, a feature where the user could provide access to their partner, or friends and family members, to be a participant in the digital platform would be a welcome addition. This would improve communication between the user and those closest to her, and could potentially help these parties notice if the user is experiencing mental health struggles.




DISCUSSION

Peripartum depression is a condition where social stigmas and difficulty accessing care can prevent women from receiving appropriate treatment and overcome the condition. Therefore, it is a condition that can greatly benefit from digital health interventions. In order to outline the most effective interventions, we have analyzed user needs and sentiments regarding PPD by employing social media analytics methods. We selected two popular online forums, What to Expect and Baby Center, as the settings from which we extracted our data sources. These provided us with extensive insights into what their numerous participants are talking about and feeling regarding PPD.

Our results indicate that our analysis methods were particularly useful in identifying user comments which mention Social Support, as this was one of the themes which was most brought up in the forums. Topics within this theme include: messages of emotional support, advice for improving dynamics with family and friends throughout pregnancy, and arrival of the infant, and practical advice for alleviating PPD symptoms. The second most identified theme was Medications, which indicates that participants of a PPD online forum are apt to discuss personal experiences regarding the medications they have taken (i.e., side effects, dosage). Our results yielded similar themes grounded in social support to those of previous studies about PPD and online forums (27). Our computerized text analysis helped us better identify user's psychological characteristics and sentiments as exhibited in their writing. This analysis revealed that PPD forums are a place where women share a plethora of information, knowledge, and emotions. While most user posts were supportive and objective, some exhibited language that can be considered too explicit. Overall, our social media analysis helped us outline practical digital features that should be optimal in supporting women who experience difficulties navigating their mental health during pregnancy or the newborn stage. These are focused on the specific tasks of medication management and breastfeeding, and they also consider the importance of providing women with social support and incorporating friends and family into their support system. Finally, we also discovered that PPD requires specific digital features for the monitoring and management of women's conversations (i.e., censoring and warning buttons) on what can be a highly sensitive topic.

Our study was presented with some challenges and limitations. The first limitation in our study is that our selected online forums do not contain data such as participant's demographics (age, gender, race, geographic region), or whether they presently have a PPD clinical diagnosis, which prevents an analysis of the correlation between such data and user posts. Additionally, while in this study we observed that online forums provide a sense of community where women can freely discuss their experiences with PPD, we also recognize that such information may not be exhaustive and can be inherently biased (25) and, therefore, should be supplemented with complementary methods of inquiry. For this reason, we conducted our analysis of online PPD forums in conjunction with other data sources such as face-to-face interviews and focus groups as reported in (38, 39). Other limitations of our study include that some aspects of our theory mapping have been conducted by a single researcher. However, our proposed digital health solution for PPD is being developed using human-centered design processes, and therefore incorporates iterative and formative evaluations to ensure the acceptance, feasibility, and usability of these digital features. The next steps in our research program are: (a) to further strengthen our PPD needs analysis by obtaining clinician's perspectives regarding technology use for PPD management, and (b) to develop prototypes that implement the PPD digital features outlined from our user needs analysis.



CONCLUSION

Data produced from social media posts offers great opportunities in the areas of mental health management. Currently, there is scarce research work which has leveraged data from online forums exclusively dedicated to the condition of PPD. This data can offer unique insights into how women manage their mental health during the peripartum period, as online forums are a unique setting where some women can feel more comfortable disclosing their stories than in a face-to-face setting. In this study, we have adapted the digital health framework Digilego to leverage such data, in order to map digital features that are optimal for engaging peripartum women and implementing behavior changes (i.e., improved medication management, improved family communication) that will make their transition into motherhood a smoother process. Through the combination of robust social media analysis methods and mapping to existing behavior change and engagement models, our resulting digital features are equipped to meet the information and technology needs of peripartum women. In our study, we have found that the most important themes being discussed in online PPD forums were: medications, breastfeeding, symptom disclosure, family and friends, and social support. The ability to add partners or family and friends as participants in a digital platform, and the ability to learn how to manage practical aspects of the peripartum period (breastfeeding, medications) would be acceptable digital features to our users. One of the strengths of our study is that our social media data analysis guided our technology development in conjunction with data from focus groups, providing us a more thorough view of women's information and technology needs while managing their mental health during the complex peripartum period.

This work supports findings from previous studies that recommend the development of affordable, scalable technologies which capture a thorough view of women's pregnancy journeys. Such technologies will help PPD stakeholders (doctors, perinatal women, family members) better detect changes in women's mental health status and offer assistance at early stages (64, 65). This approach has been previously used successfully to promote PPD screening (66). Similar to other studies (67), this analysis revealed how perinatal women use social media as a resource for practical purposes such as, breastfeeding, and it highlights the importance of using social media data to produce evidence-based patient engagement tools. Indeed, social media channels have been used to assist perinatal women with various aspects of having a new baby, such as healthy infant weight management i.e., (68). However, as also suggested in other studies, more women are resorting to their smartphones for information seeking and social support sources (69). Therefore, in this study we want to leverage our social media analysis to a platform that is not only web-based, but rather an application that women can access from their smartphones at any time and any place and facilitates multilevel interventional points. This application would provide not only peer support, but also PPD education and bidirectional communication with clinicians. This is in line with previous research that shows perinatal women have unique information and emotional needs at different stages of pregnancy, therefore social media tools should be expanded to include a wide range of resources (70).
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