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Abstract
Background  Postpartum depression (PPD) has received widespread attention. Shenzhen has been running a 
large-scale program for PPD since 2013. The program requires mothers to self-assess when applying information 
technology to PPD screening beginning in 2021. The purpose of this study was to conduct a longitudinal analysis of 
the impact of mHealth apps on the health-seeking behaviors of PPD patients.

Methods  Longitudinal data from districts in the Shenzhen Maternal and Child Health Management Information 
System (MCHMIS) for ten years was used in this study. Referral success rate (RSR, successful referrals to designated 
hospitals as a percentage of needed referrals) was used to assess health-seeking behavior. Trend χ2 tests were used 
to assess the overall trend of change after the implementation of mHealth in ten districts in Shenzhen. Interrupted 
Time Series Analysis (ITSA) was employed to assess the role of the mHealth app in changing patient health-seeking 
behaviors.

Results  For the results of the trend χ2 tests, the ten districts of Shenzhen showed an upward trend. For the ITSA 
results, different results were shown between districts. Nanshan district, Longhua district, and Longgang district all 
demonstrated an upward trend in the first-year application of the mHealth app. Nanshan district and Longgang 
district both exhibited an upward trend in terms of sustained effects.

Conclusions  There is a difference in the performance of the mHealth app across the ten districts. The results 
show that the three districts with better health resource allocation, Nanshan, Longgang, and Longhua districts, 
demonstrated more significant mHealth app improvements. The mHealth app’s functions, management systems, 
and health resource allocation may be potential factors in the results. This suggests that when leveraging mHealth 
applications, the first step is to focus on macro-level area resource allocation measures. Secondly, there should be 
effective process design and strict regulatory measures. Finally, there should also be appropriate means of publicity.
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Introduction
Postpartum depression background
Postpartum depression (PPD) has been identified as a 
major public health issue worldwide. It refers to depres-
sive symptoms that occur in the latter stages of preg-
nancy or within four weeks of giving birth, with a 
prevalence rate of roughly 6–20% and an incidence rate 
of roughly 15% worldwide [1, 2]. Notably, the prevalence 
could rise to between 24.2 and 32.53% in China [3] and is 
often higher in economically disadvantaged countries [2, 
4, 5]. This condition not only impairs maternal quality of 
life but also adversely affects the mother-infant bond and 
the child’s development [4, 6, 7].

Current research on the subject focuses primarily on 
risk factor identification and screening for perinatal 
depression. Screening for PPD could identify women at 
high risk and lead to appropriate interventions [8]. Sys-
tematic screening programs have been developed in 
countries such as the USA, UK, and Sweden to identify 
high-risk populations [9, 10]. Some studies have focused 
on screening for PPD using a variety of tools [11]. Rel-
atively few studies have been conducted after patient 
screening. Such a study would be more meaningful, as it 
might be more directly responsive to the effects of coping 
measures on PPD improvement.

The shift from screening to patient behavior improve-
ment has received relatively less attention. Changes in 
patient health-seeking behavior could better highlight the 
role of screening effectiveness. In terms of patient behav-
ior change, it is necessary to change patient behavior in 
order to effectively manage PPD, and studies of screen-
ing rates alone cannot do this [12]. Therefore, research on 
behavioral change in PPD patients could more effectively 
contribute to a practical improvement in the health of the 
population.

Changes in patients’ health-seeking behavior require 
indicators to be measured to determine the impact of 
the PPD intervention. Some research in China has used 
qualitative methods to seek factors influencing PPD 
healthcare-seeking behavior [13]. However, there is a lack 
of evidence from real-world quantitative studies in China 
to explore the effects of behavior change in PPD patients. 
Given the importance of the above, the referral success 
rate (RSR) was utilized in this study for analysis. Referral 
success rate (RSR) is the proportion of successful refer-
rals to patients recommended for referral, an indicator of 
the effect of health-seeking behaviors among patients.

Implementation of PDD screening in Shenzhen using the 
mHealth app
Shenzhen, a relatively economically developed city in 
China, established a comprehensive maternal mental 
healthcare system in 2013, extending across all ten dis-
tricts of the city. The program mandates the use of the 
Edinburgh Postnatal Depression Scale (EPDS) during 
postnatal visits and the 42nd-day postpartum check-up 
in hospitals [3]. Targeting over 150,000 women annu-
ally, this program aims to identify and refer mothers who 
screen positive for further mental health care. Specifi-
cally, by facilitating timely referrals, the program seeks to 
alleviate PPD and promote maternal health across vari-
ous districts.

Shenzhen has implemented an innovative Internet-
based strategy to expand PPD screening coverage and 
facilitate effective referrals. In 2021, Shenzhen used 
WeChat (China’s most popular messaging app) to build 
a mHealth app for PPD patients [14]. Mothers could be 
screened for PPD directly on their cell phones, and once 
the screening was completed, the results were automati-
cally indicated on the interface, and advice was given on 
the need for further medical attention.

The interface of the mHealth app is shown in Fig.  1. 
The mHealth app generates a healthcare number for each 
mother, as well as a record section. The mHealth app 
creates a psychological screening feature that prompts 
the mother to complete the psychological screening in a 
timely manner and marks with different colored circles 
whether the psychological screening was completed at 
different stages of the delivery period. The mHealth app 
will suggest referrals based on the results of the psycho-
logical screening to help patients with PPD seek better 
treatment.

Shenzhen has adopted a mHealth app into its three-
tier maternal and child healthcare network, as shown 
in Fig. 2. Whether completed at the postpartum visit or 
returned to the birthing hospital at 42 days postpartum, 
Edinburgh postnatal depression test (EPDS) results are 
collected through the mHealth app and transmitted in 
real-time to the Maternal and Child Health Management 
Information System (MCHMIS). Medical staff could 
review and manage cases in a timely manner.

In this study, we aim to determine whether mHealth 
applications can enhance the health-seeking behaviors 
of postpartum depression (PPD) patients across ten dis-
tricts in Shenzhen. A longitudinal analysis of policies, 
support measures, and resource allocation among dis-
tricts is utilized in this study to identify the strengths and 
limitations of mHealth apps. As a result, evidence will be 
collected to guide the optimization of mobile healthcare 
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Fig. 1  Interfaces for mHealth
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applications so that mental health services can be pro-
vided more effectively.

Method
Data sources
Data for this retrospective study was sourced from rou-
tine health information recorded in the MCHMIS. 
Data were collected on women screened for depression 
between January 2013 and December 2022 in ten districts 
of Shenzhen. Initially, data were collected and entered 
manually by designated staff at each facility, including 

community health service organizations and midwifery 
institutions. After the mHealth app was introduced in 
2021, data was collected and results were transported in 
real time to MCHMIS. Quality control of the data is car-
ried out by the Maternal and Child Health Hospital at the 
city and district levels and is reflected in such measures 
as quarterly supervisory inspections, the establishment 
of a quality control team, and the organization of numer-
ous trainings.

Fig. 2  Process of Shenzhen PPD screening program
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Variable and definitions
Referral success rate Changes in patient behavior could 
be adequately reflected by the RSR. RSR = number of 
successful referrals/number of referrals * 100%. Positive 
depression patients are informed by the mHealth app or 
healthcare workers that their screening result is abnor-
mal. Only instances of presumed false positives, such as 
errors in form completion, are addressed by rejecting 
and requesting a resubmission of the screening form. The 
referral process is meticulously tracked: healthcare work-
ers confirm whether patients have followed through with 
their referrals to the specified institutions via follow-up 
phone calls and manage these cases accordingly. Only 
when these steps are documented in the MCHMIS is the 
referral considered successful and included in the RSR 
numerator.

Statistical method
Trend χ2 test and interrupted time series analysis (ITSA) 
were applied in this study. Trend χ2 was used to analyze 
changes in RSR across districts in the past ten years. 
ITSA was employed to evaluate the role of the mHealth 
app intervention in changing patient health-seeking 
behavior in a PPD screening program after the mHealth 
app was adopted in 2021. The model was fitted using 
segmented regression, which enabled us to statistically 
assess changes in the intervention over time [15]. The 
segmented regression model for the single-group ITSA 
was.

	Yt = β0 + β1time + β2intervention+ β3post + εt.

Where the outcome variable at moment t was denoted 
by Yt and a continuous variable of time was represented 
by time. The dummy variable for the occurrence of the 
intervention was represented by intervention, which 
took the value of 0 before the intervention and 1 after the 
intervention. A continuous time variable after the start 
of the intervention was represented by post. The initial 

level of the outcome variable was represented by β0 as the 
intercept term.

The estimate of the slope of change in disease before 
the intervention was represented by β1. The direct esti-
mate of the change in the variable in the first year after 
the intervention was represented by β2, in response to 
the immediate effect of the intervention. The slope of 
the variable after the intervention compared to the pre-
intervention trend, which responds to the sustained 
effect, was represented by β3. The residuals at moment t 
were denoted by εt, meaning that there was no variation 
explained by the regression model.

SPSS 25.0 was used for trend χ2, and STATA software 
13 was applied to the ITSA model (generalized least 
squares were utilized for autocorrelation treatment), with 
statistical significance at p < 0.05.

Result
Figure  3 reflects the work of the PPD screening pro-
gram in Shenzhen over a ten-year period. In terms of 
PPD referral rates, the city has a linear upward trend 
(p < 0.001) over the decade. The referral rate increased 
steadily from 75.72% in 2014 to 91.03% in 2019. There 
was a slight decrease in 2019–2020, and the percentage 
of increase accelerated in 2020–2022 until it reached 
98.52% in 2022. 2018 had the highest number of follow-
ups, reaching 7,566. In terms of RSR across the city, RSR 
has a linear trend (p < 0.001). RSR has steadily risen over 
a ten-year period from 5.89% in 2014 to 57.39% in 2022, 
with the number of successful referrals surpassing 3,000. 
There is a slight decrease in the number of successful 
referrals from 2018 to 2020, and continues to rise after 
2020. The screening program was carried out stably.

Figure  4 shows a linear trend (p < 0.05) in PPD RSR 
in all districts. Among them, Nanshan District, Guang-
ming District, Dapeng District, Luohu District, Longhua 
District, and Longgang District all saw faster growth. 
Before 2020, Nanshan District had a low level of RSR, but 
it improved by 10% from 2020 to 2021. In the first four 

Fig. 3  Changes in referral rates and RSR in Shenzhen over a 10-year period
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Fig. 4  PPD RSRs in ten districts of Shenzhen
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years, Guangming District saw a tremendous increase, 
rising from 15.10 to 77.30%. In 2020, Dapeng District 
achieved a 100% success rate in referrals. Luohu District 
increased from 1.40% in 2016 to 90.81% in 2019. Longhua 
District has a lower level, below 1% from 2014 to 2019, 
rising to 10.84% by 2022. Longgang District has an over-
all upward trend, with a faster rate of increase in the lat-
ter four years.

The PPD RSR in Pingshan District, Baoan District, and 
Futian District is on a slow upward trend. Pingshan Dis-
trict has a higher starting point, with an RSR of 67.69% 
in 2014 alone, the highest among the ten districts, so it 
is growing more slowly. Baoan District has a lower RSR, 
all of which is below 50%. Futian District climbed steadily 
between 2014 and 2022, from 1.58 to 37.45%. With a 
general declining trend, Yantian District saw a greater 
decline in 2021 compared to the previous year, falling 
from 38.57 to 5.00%.

Table 1 exhibits the results of the ITSA of PPD RSRs. 
Based on the meaning of equations β1, β2, and β3 
described above, β1 shows the trend in RSR before the 
mHealth app application. Before the mHealth app was 
implemented (before 2021), the PPD RSR in Nanshan 
District improved at a rate of 0.34% annually (p = 0.018). 
In Pingshan District, Guangming District, Dapeng Dis-
trict, Baoan District, Luohu District, and Longgang Dis-
trict, the RSRs increased with a yearly average of 2.76% 
(p = 0.008), 10.89% (p = 0.016), 8.60% (p = 0.015), 4.87% 
(p = 0.029), 14.93% (p = 0.004), and 0.96% (p = 0.008), 
respectively, before the intervention. The remaining dis-
tricts were not statistically significant at this time. Nan-
shan, Longhua and Longgang districts had lower RSR 
trends than the other districts prior to the implemen-
tation of the mHealth app, so it is necessary to system-
atically analyze the reasons for the lower trends before 
implementation.

For β2 and β3, which are of greater interest to most 
ITSA studies, they measure the first-year effect of the 
intervention and the sustained effect after the inter-
vention. They are more representative of the effect of 
the mHealth app. In terms of presenting the immediate 

effect of the mHealth app intervention β2, Nanshan Dis-
trict saw an average increase in PPD RSR of 9.87% in the 
first year of the intervention (p < 0.001). Longhua District 
increased by 6.09% in the first year of the intervention 
(p = 0.004). During the implementation of the mHealth 
app, Longgang District experienced an average increase 
in PPD referral success of 20.78% (p < 0.001) in the first 
year of the intervention.

In terms of achieving a sustained effect β3, Nanshan 
and Longgang districts increased with a trend of 5.73% 
(p < 0.001) and 42.54% (p < 0.001) per year on average, 
respectively, after the imposition of the mHealth app 
intervention. The p-values of the remaining districts were 
greater than 0.05, which was not statistically significant 
for the time being.

In summary, the best performers in terms of the imme-
diate and sustained effects of the mHealth app interven-
tions in the PPD screening program are the Longgang, 
Nanshan, and Longhua districts. All three districts had 
a considerable increase in the PPD RSRs in the first year 
of the intervention, and Nanshan and Longgang districts 
also had a greater trend of increase after the intervention. 
The reasons for the significant increase in PPD RSRs in 
these three districts deserve continued exploration.

Discussion
Trends in RSRs and the impact of the mHealth app in 
terms of shifts in patient health-seeking behavior were 
analyzed through the analysis of trend χ2 test and ISTA, 
and it was found that the effects of the mHealth app 
implementation showed differences across districts. The 
mHealth app itself, the regulatory system for the mHealth 
app, and the state of external health resource allocation 
may be related to the result.

Optimizing patient engagement and healthcare system 
efficiency with mHealth technology integration
The functionality of the mHealth app enhances patient 
convenience and engagement, a key factor in its effective-
ness. The mHealth app allows individuals to be screened 
in a private setting through simple actions on a mobile 

Table 1  ISTA results for referral success rates
District β1(%) SE P β2(%) SE P β3(%) SE P
Nanshan 0.34 0.11 0.018 9.87 0.72 <0.001 5.73 0.74 <0.001
Pingshan 2.76 0.65 0.008 -12.65 6.42 0.106 20.93 9.41 0.077
Guangming 10.89 3.02 0.016 -13.10 13.67 0.382 -21.99 13.42 0.162
Dapeng 8.60 2.37 0.015 -22.60 16.74 0.235 -8.96 18.44 0.648
Baoan 4.87 1.60 0.029 -15.26 11.54 0.243 10.79 12.88 0.440
Yantian 1.45 1.89 0.497 -27.30 9.33 0.061 7.56 9.71 0.493
Futian 2.21 1.08 0.096 1.30 7.71 0.873 15.18 8.53 0.135
Luohu 14.93 3.38 0.004 -19.48 20.37 0.376 -9.00 20.45 0.675
Longhua 0.28 0.13 0.074 6.09 1.19 0.004 1.97 1.67 0.291
Longgang 0.96 0.22 0.008 20.78 2.51 <0.001 42.54 4.26 <0.001
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phone, alleviating privacy concerns (a key barrier in men-
tal health assessment) and greatly increasing the likeli-
hood that individuals will engage in services [16, 17]. The 
mHealth app also has a timely reminder function that not 
only informs patients of the assessment results but also 
provides information about the referral hospital. Previous 
studies have shown that timely and convenient informa-
tion delivery increases patient engagement with health-
care services, and immediate feedback could facilitate a 
series of real-time evaluations and treatments [18]. The 
mHealth app greatly contributes to patient health-seek-
ing behaviors and improves the efficiency of the referral 
process.

The mHealth app realized the information interaction 
with MCHMIS(see Fig.  5). The use of the mHealth app 
changes the way paper-based questionnaires were col-
lected in the past and complements the back-end data of 
the MCHMIS to obtain more accurate and comprehen-
sive data [19, 20]. This integration helps to reduce the 
overall cost of healthcare delivery and expand the use 
of screening services, thereby improving RSR [21, 22]. 
Meanwhile, the mHealth app promotes accurate iden-
tification of populations and precise management of 
patients through the regulation of information [23]. The 
mHealth app collects personal data and feeds the infor-
mation back to MCHMIS for review, and this review 
process avoids false positives and enhances the reliability 
of the results. Patients found to have positive screening 

results are provided with timely referrals and interven-
tions, thus overseeing the entire screening and referral 
process.

Since the program was launched in Shenzhen, 150,000 
people have been screened during pregnancy each 
year. After the implementation of the mHealth app, the 
screening rates in Shenzhen has reached more than 95% 
in the past two years, and the referral rates and RSRs 
have even increased significantly. There has not yet been 
a large-scale data analysis of PPD and evaluation of the 
effectiveness of the mHealth app implementation in other 
cities in China. This study in Shenzhen provides frontier 
experience and evidence for the utilization of mHealth to 
assist PPD screening and intervention in major regions in 
the future.

Factors influencing mHealth effect: resources, policy, and 
management
Additionally, the increase in RSRs may also be related 
to the design of the publicity package and the design of 
the regulation. In terms of publicity, Longgang District 
collaborated with Longgang Media to promote patient 
knowledge and awareness of PPD, which may have con-
tributed to the usage of the mHealth app and patient 
healthcare-seeking behaviors [24]. Nanshan District 
conducts special quality control on the work status of 
the whole district every month, monitoring and provid-
ing feedback and rectification through the data in the 

Fig. 5  Information interaction between the mHealth app and MCHMIS
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back-end of the mHealth app to promote the efficiency 
of the whole workflow. Longhua District collected fre-
quent data through precision medicine provided by the 
mHealth app to provide personalized and continuous 
management for patients, supervising the referral of 
high-risk mothers [18].

Moreover, changes in patient behavior may also be 
linked to the allocation of health resources. Districts 
with more abundant health resources have demonstrated 
effective mHealth implementation [25]. In the Nanshan 
district, abundant resources (including substantial gov-
ernment funding and strong talent development mea-
sures) supported frequent quality control measures based 
on the data from the mHealth app, facilitating timely 
interventions. Longgang District demonstrated the ben-
efits of a supportive policy system and effective multi-
sectoral collaboration. Patients identified by the mHealth 
app as needing referrals are efficiently directed to the 
psychiatric department of the district’s Maternal and 
Child Health Center, which works closely with the obstet-
rics department to ensure a seamless flow of services. 
Meanwhile, Longhua District’s success is due to its strong 
management. The district benefits from highly support-
ive management staff and a standardized and organized 
way of operating to ensure the effective implementation 
of health interventions. The examples from the three dis-
tricts above indicate that the process of improving RSR 
for patients is not only dependent on the implementation 
of the mHealth app but also on the level of local resource 
allocation. The reason for the lower trend in these three 
districts that appeared in the results section before the 
implementation of the mHealth app may also be related 
to the fact that the advantages mentioned above were not 
fully exploited.

However, the use of the information function is not 
effectively utilized in districts with poor health resource 
allocation [26]. Healthcare workers in some areas not 
only lacked a comprehensive understanding of the 
mHealth app’s functions but also spent little time explain-
ing its use to patients in their clinical work, which further 
hindered the use of the mHealth app by new mothers. 
In addition, the referral process faces coordination chal-
lenges in districts where specialized psychiatric facilities 
are unavailable. Typically, referrals are made to different 
agencies and departments, where delays in data process-
ing could disrupt the continuity of care, which is critical 
for effective mental health integration. There is a need to 
strengthen the management and engagement of referral 
departments to ensure seamless service delivery. Also, 
the mHealth app could be much less effective in districts 
with insufficient administrators where the process of the 
mHealth app doesn’t form a closed loop.

In conclusion, resource allocation plays a very impor-
tant role in supporting the functionality of the mHealth 

app. This firstly suggests that there is a need to strengthen 
staff training and increase investment in specialized staff. 
Secondly, use the mHealth app to promote process stan-
dardization. Clarify the responsibilities and obligations 
of each section, promote multisectoral cooperation, and 
avoid the lack of service links. Finally, processes such as 
patient PPD positive determination criteria, follow-up 
process, patient prognosis management, and feedback 
need to be supported by an efficient management system. 
The future utilization of the mHealth app in conjunc-
tion with improved health resource allocation deserves 
deeper study.

Limitations to the study
Firstly, relevant studies would be more thorough and 
robust in the future if more time-series data were acces-
sible. Secondly, this study only focused on the mater-
nal situation within 42 days postpartum. Although the 
proportion of women with high levels of PPD at 3 years 
postpartum is increasing [27], further tracking of the 
data would also require more time for refinement. In this 
case, the intervention of the mHealth app had a signifi-
cant effect on PPD RSRs in all three districts, thus mak-
ing our study more credible. Finally, as the mHealth app 
is implemented, it may have an impact on other health-
care measures, such as the childcare facilities and the 
parental leave system, but these data are not available due 
to patient privacy concerns. We will analyze the whole 
mHealth system more comprehensively in the future 
when such data become available.

Conclusion
The study found that the effect of implementing the 
mHealth app differ across districts. The mHealth app’s 
function, the management system, and the macro-envi-
ronment will all have an impact on its implementation 
effect. This suggests that in the future, attention needs to 
be paid to the design of the supporting system, and more 
attention needs to be paid to supplementing resources in 
areas with fewer health resources to utilize the mHealth 
app for effective referrals.
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