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Abstract
Background Self-monitoring is crucial for behavioral weight loss. However, few studies have examined the role of 
self-monitoring using mixed methods, which may hinder our understanding of its impact.

Methods This study examined self-monitoring data from 61 Chinese adults who participated in a 5-week online 
group intervention for weight loss. Participants reported their baseline Body Mass Index (BMI), weight loss motivation, 
and engaged in both daily quantitative self-monitoring (e.g., caloric intake, mood, sedentary behavior, etc.) and 
qualitative self-monitoring (e.g., daily log that summarizes the progress of weight loss). The timeliness of participants’ 
daily self-monitoring data filling was assessed using a scoring rule. One-way repeated measurement ANOVA was 
employed to analyze the dynamics of each self-monitoring indicator. Correlation and regression analyses were used 
to reveal the relationship between baseline data, self-monitoring indicators, and weight change. Content analysis was 
utilized to analyze participants’ qualitative self-monitoring data. Participants were categorized into three groups based 
on their weight loss outcomes, and a chi-square test was used to compare the frequency distribution between these 
groups.

Results After the intervention, participants achieved an average weight loss of 2.52 kg (SD = 1.36) and 3.99% 
(SD = 1.96%) of their initial weight. Daily caloric intake, weight loss satisfaction, frequency of daily log, and the speed 
of weight loss showed a downward trend, but daily sedentary time gradually increased. Moreover, regression analysis 
showed that baseline BMI, weight loss motivation, and timeliness of daily filling predicted final weight loss. Qualitative 
self-monitoring data analysis revealed four categories and nineteen subcategories. A significant difference in the 
frequency of qualitative data was observed, with the excellent group reporting a greater number of daily logs than 
expected in all categories and most subcategories, and the moderate and poor groups reporting less than expected 
in all categories and most subcategories.

Conclusion The self-monitoring data in short-term online group intervention exhibited fluctuations. Participants 
with higher baseline BMI, higher levels of weight loss motivation, and timely self-monitoring achieved more weight 
loss. Participants who achieved greater weight loss reported a higher quantity of qualitative self-monitoring data. 
Practitioners should focus on enhancing dieters’ weight loss motivation and promote adherence to self-monitoring 
practices.

Why more successful? An analysis 
of participants’ self-monitoring data in an 
online weight loss intervention
Hai-Bo Tang1,2*, Nurul Iman Binti Abdul Jalil2, Chee-Seng Tan3, Ling He1,2 and Shu-Juan Zhang4

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12889-024-17848-9&domain=pdf&date_stamp=2024-1-29


Page 2 of 13Tang et al. BMC Public Health          (2024) 24:322 

Introduction
Obesity has become a worldwide public health problem. 
According to the World Health Organization [1], more 
than 1.9 billion adults over the age of 18 were overweight 
in 2016, and more than 650 million of them were obese. 
In China, the proportion of overweight and obese peo-
ple is alarming. Recent data show that more than half of 
the people aged 18 and above are overweight (34.3%) or 
obese (16.4%) [2]. Obesity is a serious threat to people’s 
health, increasing the risk of diseases (e.g., diabetes, 
cardiovascular disease, and cancer) [3, 4] and impair-
ing individuals’ mental health [5]. During the COVID-
19 pandemic, obesity also exacerbated the condition of 
patients after infection with the virus, leading to worse 
outcomes [6].

Self-monitoring is a systematic process aimed at 
enhancing self-awareness, promoting desired behaviors, 
and reducing unwanted behaviors through the obser-
vation, measurement, and logging of specific target 
behaviors [7, 8]. Within the context of weight loss inter-
ventions, participants engage in regular self-monitoring 
by documenting their dietary intake, exercise routines, 
and changes in body weight [9, 10]. Studies have demon-
strated that self-monitoring can serve as an effective pre-
dictor of weight loss [8, 11, 12]. For instance, overweight 
or obese adults who consistently monitor their diet and 
body weight have reported greater weight loss compared 
to those who do not engage in self-monitoring practices 
[12]. Interestingly, the continuity of self-monitoring 
appears to be more influential than the specific method 
employed for monitoring. Research has indicated that the 
method of self-monitoring, such as using a paper diary 
or an Internet-based tool [13], and the level of detail 
recorded during self-monitoring [14] do not affect weight 
loss outcomes. Furthermore, the order in which self-
monitoring is conducted, whether recording both diet 
and weight simultaneously or recording weight first and 
subsequently adding the diet, has been found to have no 
impact on weight loss outcomes [15]. Of greater impor-
tance is the frequency of self-monitoring, which has been 
shown to positively correlate with weight loss [16].

Some analyses of self-monitoring behaviors among 
successful and unsuccessful dieters have revealed valu-
able findings. Firstly, successful dieters tend to utilize 
self-monitoring strategies more frequently. For example, 
a retrospective analysis of a database, which tracked 
participants for 10 years, revealed that decreased self-
weighing, as well as reduced leisure-time physical activ-
ity and dietary restrictions, were positively associated 
with greater weight regain [17]. Additionally, qualitative 
studies conducted on both adolescents [18] and adults 

[10] have reported that consistent tracking of diet, physi-
cal activity, and weight led to more successful weight loss 
compared to those who did not engage in such monitor-
ing. Secondly, successful dieters are better prepared to 
navigate high-risk periods during their weight loss jour-
ney. Weekends and public holidays, known to pose chal-
lenges for individuals seeking weight loss [19, 20], are 
particularly vulnerable times. Successful dieters demon-
strate the ability to maintain their regular dietary habits 
and engage in compensatory behaviors, such as exercise, 
during these high-risk periods [20, 21].

Although research has been conducted on quantita-
tive and qualitative self-monitoring behaviors of dieters, 
few studies have employed a mixed-methods approach 
to investigate this issue, which may lead to limitations 
in the understanding of dieters’ self-monitoring behav-
iors. A mixed methods research can reveal the relation-
ship between different self-monitoring indicators and 
weight loss, and also keep the research perspective open 
to develop a more complete insight into self-monitoring.

To address these gaps, this study focused on two key 
aspects. Firstly, using quantitative data, we aimed to 
uncover the changes in participants’ self-monitoring 
behavior throughout the intervention period and exam-
ine the relationship between self-monitoring behavior 
and the final weight loss. Secondly, through qualitative 
data analysis, we aimed to explore how participants sum-
marized their daily weight loss process and understand 
how these summaries were related to their overall weight 
loss outcomes. By integrating these quantitative and 
qualitative data aspects, our study aimed to develop a 
more comprehensive understanding of self-monitoring 
during short-term online group intervention.

Method
Participants
All participants were recruited from China and through 
social networking sites (e.g., WeChat) with a convenient 
sampling. Researchers disseminated recruitment adver-
tisements to potential participants through WeChat 
groups and Moments. Additionally, recruited partici-
pants were encouraged to share the recruitment infor-
mation on their own WeChat Moments to broaden 
outreach. Given the prevalence of mild weight loss aspi-
rations and behaviors among individuals with normal 
weight in China [22], this study extended its recruitment 
to include individuals within the normal weight range 
who expressed a willingness to lose weight. Due to the 
higher body fat percentage observed among Asian indi-
viduals with the same BMI [3], we have adopted the Chi-
nese classification standard for obesity, which categorizes 
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a BMI of 24 or above as overweight and a BMI of 28 or 
above as obesity [2]. The eligibility criteria for recruit-
ment included having the intention to lose weight, pro-
ficiency in using smartphones, absence of any mental 
illness or conditions unsuitable for weight loss, and no 
participation in other weight loss interventions in the 
past six months. Participants were given a brief online 
interview to ensure a genuine desire to lose weight and to 
meet the recruitment criteria. A total of 64 participants 
participated in the online intervention, and data from 
61 participants (including 3 males) were included in the 
analysis. The exclusion criteria led to the exclusion of 2 
participants who filled in less than 1/3 of the required 
number of days to be filled and 1 participant who 
reported many outliers. Participants’ age ranged from 
18 to 51 years old, with a mean age of 30.0 (SD = 8.15), 
and a mean BMI of 24.14 kg/m2 (SD = 3.13). Among the 
participants, 35 individuals had a normal weight, with 
a mean BMI of 22.16  kg/m2 (SD = 1.11), while 26 par-
ticipants were classified as overweight or obese (19 
were overweight and 7 were obese), with a mean BMI of 
26.81 kg/m2 (SD = 2.99). Furthermore, to compare the dif-
ferences in participants’ qualitative self-monitoring data, 
we categorized them into the Excellent group (greater 
than or equal to 5%, n = 20), Medium group (greater 
than or equal to 3%, n = 22), and Poor group (less than 
3%, n = 19) based on the percentage of weight loss. There 
were no significant differences in the age and baseline 
BMI among the three groups of participants except for 
weight loss motivation (Table 1).

Instruments and measurement
Online group counseling intervention
All participants were randomly assigned to six online 
groups, each comprising 8–12 participants. These groups 
were closed, and no new members were admitted dur-
ing the intervention period. The online intervention con-
sisted of five sessions, each lasting 90  min, conducted 
over five consecutive weeks (one session per week).

The first session, titled “Serendipitous Encounters,” 
aimed to foster mutual familiarity, establish group rules, 
and ignite motivation for weight loss. The second ses-
sion, focused on “Healthy Eating,” aimed to assist partici-
pants in cultivating healthy lifestyle habits and acquiring 
dietary knowledge conducive to weight reduction. The 

core concepts conveyed by researchers to participants 
include the freedom to choose foods with a restriction 
on overall calorie intake, the practice of mindful eating, 
and the pursuit of nutritional balance. In the third ses-
sion, titled “Bidding Farewell to Impulsive Eating,” typi-
cal impulsive eating behaviors in participants’ lives were 
addressed, along with discussions on coping strategies. 
The fourth session, themed “Emotional Management,” 
sought to enhance participants’ coping abilities with 
negative emotions, thereby reducing emotional eating. 
The fifth and final session, titled “Forever on the Jour-
ney,” aimed to help participants embrace the concept of 
lifelong weight management, cultivate a healthy lifestyle, 
embrace self-acceptance, and maintain weight within a 
normal range.

For the intervention sessions, the Tencent Meetings 
app, a reputable Chinese internet video conferencing 
platform, was utilized. The intervention groups were 
led by a certified counselor with over 10 years of experi-
ence in psychological counseling. The intervention took 
place between June and September 2022. Outside of the 
intervention sessions, participants had the opportunity 
to communicate and remind each other to complete their 
self-monitoring tasks in a WeChat group.

Quantitative self-monitoring data
Participants were instructed to engage in self-monitoring 
throughout the weight loss program. The quantitative 
self-monitoring encompassed various aspects, including 
tracking daily caloric intake, daily physical activity expen-
diture, daily sedentary time, daily mood, and daily weight 
loss satisfaction.

Consistent with previous research [23, 24], participants 
utilized smartphones to track their daily caloric intake 
and daily physical activity expenditure. Using the Bohee 
Health application, a leading weight loss app in China, 
participants logged their daily physical activity types and 
durations, as well as the types and weights of consumed 
food. The app automatically calculated the daily caloric 
intake and physical activity expenditure based on the 
provided data. To improve the precision of participants’ 
assessments of food weight, researchers provided the 
weights of typical food portions and encouraged partici-
pants to use food scales for measuring the weights of the 
food they regularly consumed. Additionally, participants 
self-reported their daily sedentary hours, which were also 
recorded for analysis.

The single-item assessment has demonstrated satis-
factory reliability in previous research on emotions and 
self-esteem [25, 26]. To minimize participants’ burden, 
this study employs a self-developed single-item measure 
to assess overall daily emotions and daily satisfaction 
with their weight loss progress. Specifically, participants’ 
daily mood was evaluated using a question: “How are you 

Table 1 Participants’ demographic information
Total 
(n = 61)

Poor 
group 
(n = 19)

Medium 
group 
(n = 22)

Excellent 
group 
(n = 20)

p

Age
BMI
WLM 3.59 ± 0.96 3.26 ± 0.81 3.46 ± 0.86 4.05 ± 1.05
Note. BMI = Body mass index; WLM = Weight loss motivation; WLMpoor group < 
WLMexcellent group
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feeling today?” Participants rated their overall mood on 
a scale ranging from 1 (very bad) to 10 (very good). In 
addition, participants’ daily weight loss satisfaction was 
assessed with the question: “Are you satisfied with your 
weight loss performance today?” Participants indicated 
their level of satisfaction on a scale from 1 (very dissatis-
fied) to 10 (very satisfied).

To track participants’ weight changes, baseline weight 
was measured on the morning of the first session. Sub-
sequently, participants were instructed to weight them-
selves at the same time each week, wearing light clothing 
and being barefoot. The final weight change was calcu-
lated by subtracting the weight measured in the sixth 
week (i.e., one week after the fifth online session) from 
the baseline weight.

Qualitative self-monitoring data
Participants’ qualitative self-monitoring data were 
obtained through an open-ended question. While partic-
ipants were encouraged, but not obligated, to log a con-
cise summary of their daily weight loss performance in 
a few short sentences (hereinafter called daily log), they 
had the flexibility to document any behaviors, thoughts, 
or feelings related to their weight loss journey for that 
day.

Other data
During enrolment, participants provided their age and 
height through self-reporting. Their weight data from the 
first session was combined with height to calculate their 
baseline BMI. Participants’ weight loss motivation was 
assessed using a self-report question during the first ses-
sion: “Objectively, how would you assess your motivation 
level for weight loss?” Participants rated their weight loss 
motivation on a scale from 1 (very low) to 5 (very high).

All self-monitoring data were required to be filled in 
the “Jielong Guanjia” application on WeChat by 10:30 
p.m. each day. The timeliness of daily data filling was 
evaluated using a scoring system. The rule was as follows: 
a score of “3” for filling in the data within the required 
time, a score of “2” for filling in the data late on the same 
day, a score of “1” for filling in the data on the next day, 
and a score of “0” for not filling in the data. The partici-
pant’s final score was calculated by multiplying the ratio 
of the actual score to the theoretical total score by 100. 
A higher score indicates more timeliness in filling in the 
data.

Additionally, to gather more valuable information, 
the frequency of participants’ interactions with group 
members was also collected after the fifth week. The fre-
quency of interaction with group members (hereinafter 
referred to as group interaction) was calculated indi-
vidually for each participant. Each message posted by a 

participant, including separate emojis, was counted as 
one interaction.

Data analysis
Both quantitative and qualitative data were collected in 
the present study. The mean of the participants’ daily 
self-monitoring (quantitative) data for each week was cal-
culated and used for further statistical analysis. The quan-
titative data were analyzed using JASP (JASP Team 2022; 
Version 0.16.3). To reveal the changes in participants’ 
self-monitoring data, one-way repeated measures analy-
sis of variance (ANOVA) was used to examine whether 
there were differences in the weekly mean values of the 
self-monitoring data (e.g., daily caloric intake) during 
the weight-loss period. Next, Pearson correlation analy-
sis was performed to examine the relationships between 
self-monitoring quantitative data, background informa-
tion (e.g., BMI, weight loss motivation), and weight loss. 
Lastly, multiple linear stepwise regression was employed 
to identify significant predictors of weight loss.

Two coders conducted content analysis on the qualita-
tive data of participants’ daily log text, following a five-
step process recommended in previous research [27, 28]. 
The content analysis steps are as follows: In the first step, 
the entire text content was read immersively to under-
stand the overview and intrinsic connections of the text 
data. The second step was to split the text information 
with multiple meanings to form single-meaning units. 
For instance, a participant summarized in her daily log, 
“These two days, my diet has been irregular, and I haven’t 
exercised. My weight is decreasing in an unhealthy 
manner.” This log is segmented into three meaning 
units: “Irregular diet these two days,” “No exercise,” and 
“Unhealthy weight decrease.” The third step was open 
coding. The meaning units are openly encoded, with a 
core concept representing its meaning while maintain-
ing as much as possible the original appearance. Meaning 
units with similar meanings were merged. For example, 
the " irregular diet these two days " was coded as “irregu-
lar diet.” The meaning units “ran 2 kilometers,” “started 
running,” and “ran 5 laps at the stadium” were coded as 
“Running.” In the fourth step, subcategories were formed. 
Similar codes are formed into subcategories. As an exam-
ple, activities such as “walking,” “running,” “aerobics,” 
“swimming,” and “hiking” were categorized under “Type 
of exercise”. The last step was to form categories. Simi-
lar subcategories were further organized to form catego-
ries. Adjustments were allowed throughout the analysis 
process to ensure reasonableness. To ensure the qual-
ity of the analysis, the first coder (the first author) per-
formed analysis and coding, and the second coder (the 
fourth author) checked after the preliminary analysis. In 
cases of disagreement, the two coders engaged in discus-
sions to reach a consensus. If a consensus could not be 
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reached, an expert was consulted to review and make a 
final decision.

To reveal differences in qualitative self-monitoring data 
between successful and unsuccessful dieters, participants 
were divided into 3 groups based on their weight loss per-
formance. Considering that 5% weight loss is usually con-
sidered clinically significant [29, 30], and 3% weight loss 
is also considered successful [31], we divided participants 
into 3 groups: the poor group (weight loss < 3%, n = 19), 
the moderate group (3% ≤ weight loss < 5%, n = 22), and 
the excellent group (weigh loss ≥ 5%, n = 20). There were 
no significant differences in the baseline BMI among the 
three groups of participants (F = 1.779, p =.178, η²= 0.058). 
The chi-square test was employed to assess whether the 
frequency of meaning unit distributions reported by the 
three groups of participants in each category and subcat-
egory followed the same probability distribution.

Results
Changes in self-monitoring quantitative data
After the intervention, participants lost an average of 
2.52  kg (SD = 1.36) and 3.99% (SD = 1.96%) compared 
to their baseline weight. The results of the One-Way 
repeated measures ANOVA revealed significant differ-
ences in some self-monitoring quantitative measures 
over the 5-week weight loss period (Fig.  1). Specifically, 
there was a gradual decrease in participants’ caloric 
intake (Fig.  1a), F (2.246, 128.014) = 4.066, p =.016, ω² 
= 0.016. The average daily caloric intake in week 1 was 

significantly higher than the intake in week 3 (t = 3.100, 
p =.020) and week 4 (t = 3.720, p =.003), respectively. 
On the other hand, participants’ daily physical activ-
ity expenditure also showed a slight decrease over the 
5-week period (Fig. 1b), but the difference was not signif-
icant, F (2.823, 160.917) = 2.011, p =.118, ω²=. 005. Simi-
larly, participants’ daily moods remained stable over the 5 
weeks (Fig. 1c) and significant differences were not found 
among the weekly mean scores, F (3.512, 200.183) = 0.931, 
p =.438, ω² = 0.000. Surprisingly, participants’ daily seden-
tary hours showed an unexpected increasing trend over 
the 5 weeks (Fig. 1d), F (3.196, 182.162) = 4.308, p =.005, 
ω² = 0.013. The averaged sedentary hours in week 4 (t = 
-3.036, p =.024) and week 5 (t = -3.516, p =.005) were sig-
nificantly higher than in week 1.

Participants also exhibited a downward trend in 
their overall satisfaction with their daily weight loss 
(Fig.  1e), F (3.612, 205.902) = 4.370, p =.003, ω² = 0.013. 
Participants reported a higher satisfaction in week 1 
(t = 3.905, p =.001), week 2 (t = 2.826, p =.041), and week 
3 (t = 3.117, p =.019) than in week 5. Notably, there was 
a gradual decrease in the number of daily weight loss 
summaries reported by participants (Fig.  1f ), F (2.623, 
157.4) = 15.777, p <.001, ω² = 0.084. Specifically, the fre-
quency reported in week 1 was significantly higher than 
in week 2 (t = 3.102, p =.013), week 3 (t = 4.708, p <.001), 
week 4 (t = 6.131, p <.001), and week 5 (t = 7.153, p <.001). 
Additionally, participants reported more frequently 
in week 2 than in week 4 (t = 3.029, p =.014) and week 5 

Fig. 1 Changes in participants’ self-monitoring data
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(t = 4.051, p <.001). Finally, weekly weight loss showed 
a similar downward trend (Fig.  1g), F (4, 212) = 3.525, 
p =.008, ω² = 0.038, with significantly more weight loss in 
week 1 than in week 5 (t = 3.579, p =.004).

Predictors of weight loss
To reveal the relationship between participants’ weight 
loss and potential predictors, a Pearson correlation analy-
sis was conducted. As shown in Table 2, weight loss moti-
vation, timeliness of daily filling, and daily log frequency 
were found to have a weak to moderate, significant posi-
tive correlation with participants’ weight loss (%), respec-
tively. In addition, participants’ baseline BMI, weight loss 
motivation, timeliness of daily filling, and daily log were 
positively correlated with weight loss (kg).

Multiple linear regression analyses were performed 
to identify the predictors of weight loss percentage and 
absolute weight loss, respectively (Table 3). Only poten-
tial predictor variables that showed a significant cor-
relation with the dependent variable were selected as 
independent variables in the regression analysis.

In the first regression model, the outcome variable was 
the weight loss (%). Weight loss motivation, daily log, 
and timeliness of daily filling as independent variables. 
The independent variables had low correlations with 
each other (correlation coefficients ranging from 0.066 
to 0.308). The Variance Inflation Factor (VIF) for inde-
pendent variables ranged from 1.021 to 1.124 (VIF < 10), 
and the tolerance was range from 0.890 to 0.979 (toler-
ance > 0.1), implying that there was no obvious colinear-
ity between the independent variables [32]. The QQ plots 
of the residuals showed that the standardized residuals 
are distributed along the diagonal, which suggests that 
the residuals are normally distributed. In addition, the 
Durbin-Watson value was 2.456, implying that there was 

no autocorrelation in the adjacent error terms. Analysis 
results showed that the daily log was excluded from the 
regression model (stepwise method). Lastly, weight loss 
motivation and timeliness of daily filling effectively pre-
dicted weight loss (%) and explained 19.7% of the total 
variance.

In the second regression model, the weight loss (kg) 
was regressed on baseline BMI, weight loss motiva-
tion, timeliness of daily filling, and daily log. Similarly, 
the regression analysis also met the prerequisites, as the 
independent variables exhibited low correlation with 
each other (correlation coefficients ranging from 0.066 to 
0.308). The VIF values ranged from 1.034 to 1.167, and 
the tolerance values ranged from 0.857 to 0.928, indicat-
ing no obvious colinearity. The Durbin-Watson value was 
2.320, indicating no significant autocorrelation. Regres-
sion analysis revealed that baseline BMI, weight loss 
motivation, and timeliness of daily filling positively pre-
dicted weight loss (kg), explaining 31.7% of the variance 
in weight loss.

Participants’ daily log
After conducting a content analysis on participants’ 
daily log, a total of 847 meaningful units (93.18% of the 
raw data’s total frequency) were included in the final 
categories. The textual information provided by partici-
pants during the weight loss process fell into four main 
categories: weight loss awareness, eating behavior, physi-
cal activity, and perception of change (Table 4). The cate-
gory of weight loss awareness encompassed participants’ 
perception of weight loss developed throughout the 
weight loss process and included six subcategories: risk 
situations, self-motivation, disadvantages, maintaining 
awareness, follow-up plan, and patience. Eating behav-
ior referred to participants’ descriptions of their daily 

Table 2 Pearson correlation between participants’ weight loss, self-monitoring and background data
Age BMI WLM DCI DPAE DM DS DWLS DL TDF GI

WL (%) -0.119 0.069 0.33** -0.094 0.155 0.161 -0.173 0.226 0.29* 0.318* 0.168
WL (kg) -0.118 0.38** 0.398** 0.003 0.232 0.119 -0.081 0.216 0.288** 0.328* 0.233
Note. N = 61. BMI = Body mass index; WLM = Weight loss motivation; DCI = Daily caloric intake (kcal); DPAC = Daily physical activity expenditure (kcal); DM = Daily 
mood; DS = Daily sedentary; DWLS = Daily weight loss satisfaction; DL = Daily log (frequency); TDF = Timeliness of daily filling; GI = Group interaction (frequency); WL 
(%) = Weight Loss (%); WL (kg) = Weight loss (kg)
*p<05; **p<.01; ***p<.001

Table 3 Multiple stepwise regression analysis of final weight loss
Model 1: Weight Loss (%) Model 2: Weight loss (kg)

Predictors β t p β t p
 BMI - - - 0.269 2.367 0.021
 WLM 0.311 2.636 0.011 0.313 2.773 0.007
 TDF 0.297 2.519 0.015 0.274 2.482 0.016
R²(adjusted R²) 0.197 (0.169) 0.317 (0.281)
Model F 7. 117 (p =.002) 8.816 ( p<.001 )
Note. BMI = Body mass index; WLM = Weight loss motivation; TDF = Timeliness of daily filling; In both Model 1 and Model 2, Weight loss summary (frequency) was 
excluded from the final model in the stepwise regression analysis
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eating habits. It consisted of six subcategories: restric-
tive eating, overeating, inhibiting failure, irregular eat-
ing, mindful eating, and intuitive eating. Physical activity 
captured participants recorded physical activities and 
comprised three subcategories: exercise amount, type of 
exercise, and exercise philosophy. Perception of change 
reflected participants’ feelings regarding changes in their 
bodies, emotions, and eating habits during the weight 

loss journey. This category included five subcategories: 
healthy eating, body feeling-negative, body feelings-pos-
itive, weight concerns, and emotional changes.

A chi-square test was conducted to reveal differences 
among the three groups (i.e., poor, moderate, and excel-
lent) in different categories and subcategories. The results 
(Table 5) showed significant differences in frequency dis-
tribution across four categories and fifteen subcategories. 

Table 4 Results of content analysis of participants’ daily weight loss summaries
Category 
(%)

Subcategory Frequency Definition Example

Weight 
loss 
aware-
ness 
(28.10%)

Risk situations 55 Risky situations where overeating behavior or 
excessive caloric intake is likely to occur.

“ Dinners are a stumbling block on the road to weight 
loss”; “You can’t be too hungry, it’s easy to bounce back”

Self-motivation 54 Encourage themselves and stick to losing 
weight.

“Keep going, keep going!”; “For a healthier self. Come 
on!”

Disadvantages 37 Factors that are not beneficial to weight loss “Staying up late is truly detrimental to weight loss”; “It’s 
so hard to do exercise during menstruation (emoji: cry)”

Keeping 
awareness

36 Being aware of one’s body “Stay aware at all times”; “Ask myself if I’m hungry 
before I eat, and if I’m not, I don’t eat”

Follow-up plan 29 Participants’ follow-up plans for their weight 
loss practice

“Continue to work hard on weight loss tomorrow… 
Go! Go! Go!“; “Eat less high-caloric food next week”

Keeping patient 27 Keep more patience in the weight loss pro-
cess, accept oneself, and stick to good habits.

“Losing weight is a constant battle.“; “Make it a routine”

Eating 
behavior 
(22.55%)

Restrictive diet 65 Participants reduce eating behavior and 
caloric intake

“I didn’t have dinner today”; “I only had red bean por-
ridge this evening”

Overeating 58 Participants exhibited overeating behavior or 
excessive caloric intake.

“I ate too much for dinner again… “; “Today’s calorie 
intake is bursting”

Inhibit failure 38 Failed in the hope of not eating or eating less 
high-caloric foods

“I drank tea with milk today, ate high-caloric food, did 
not control my mouth”; “Always have various reasons to 
eat and drink”

Irregular diet 13 Not eating at the proper time “I didn’t eat dinner when I was busy at work”; “My diet 
is very irregular these two days”

Mindful eating 12 Focusing on the eating process and expe-
riencing the process of food entering the body

“Today I am continuing to try mindful eating”; “It feels 
good to concentrate on tasting food”

Intuitive eating 5 Not limiting the amount of food intake and 
stopping when feeling full

“I can eat whenever I want, as long as I don’t eat too 
much”; “It feels good to be full”

Physical 
activity
(16.88%)

Exercise amount 77 The participants’ exercise implementation. “I worked late tonight and didn’t do any exercise”; “I 
went out today and did a lot of exercises”

Type of exercise 48 Participants took different ways to exercise 
such as walking, aerobics, running, and 
swimming.

“Went out for a 9-kilometer walk after dinner”; “Insisted 
on walking for half an hour and jogging for half an 
hour “

Exercise 
Philosophy

18 Perceptions of the relationship between exer-
cise and weight loss.

“You can’t stop exercising; life is exercise”

Percep-
tion of 
change
(32.47%)

Healthy eating 98 Participants eat healthier, pay attention to 
food calories, and have increased inhibition of 
high-caloric foods.

“I didn’t eat any snacks today, which is great, I’ve 
learned to control it”; “I feel like I’ve found the balance 
of diet adjustment”

Body 
feeling-negative

84 Participants felt unwell, had a change in ap-
petite, and did not sleep well.

“Very tired, and feel that my body cannot hold on”; 
“Last night did not sleep well again”

Body 
feeling-positive

30 Participants felt good about the weight loss. “I’m starting to get used to the rhythm now, and it feels 
good to sweat profusely”; “It feels good to have an 
empty stomach”

Weight concerns 45 The participants are concerned about changes 
in their weight and experience weight loss or 
regain.

“This morning, I lost a little bit of weight again. Every 
day’s weight loss is a confirmation of my efforts”; “I’m 
sure I’m gaining weight, which is depressing”

Emotional change 18 Participants experience negative emotions 
such as anxiety and depression and try to 
adjust.

“Just not in a good mood today”; “Have negative emo-
tions but adjusted well”

Note. The percentage of a category is the ratio of the frequency of that category to the total number of meaning units included in the analysis (N = 847)
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Specifically, the poor group had lower observed frequen-
cies than expected frequencies in all four categories. 
Additionally, the observed frequencies of the poor group 
were much lower than the expected frequencies in sev-
eral subcategories, including “self-motivation”, “keeping 
awareness”, “follow-up plan”, “restrictive diet”, “overeat-
ing”, “irregular diet”, “mindful eating”, “exercise amount”, 
“type of exercise”, “body feeling-positive” and “weight 
concerns”. The frequency of daily log recorded by par-
ticipants in the moderate group was also lower than the 
expected frequency in all four categories. Furthermore, 
their observed frequencies in the following subcatego-
ries: “risk situations”, “self-motivation”, “disadvantages”, 
“keeping awareness”, “keeping patient”, “restrictive diet”, 
“irregular diet”, “mindful eating”, “exercise amount”, 
“type of exercise”, and “healthy eating” were lower than 
the expected values. In contrast, the excellent group had 
higher observed frequencies than expected frequencies 
in all four categories and fifteen subcategories. These dif-
ferences suggest that the group with better weight loss 
outcomes exhibits better self-monitoring adherence. 
They reported more frequencies in qualitative self-mon-
itoring, had more self-awareness, recorded more eating 
behaviors, and physical activities, and perceived more 
changes triggered by weight loss. On the contrary, partic-
ipants with less weight loss had less self-motivation and 

awareness, fewer records of restrictive diets and physical 
activities, and less tracking of weight.

Discussion
In this study, we attempted to present a more compre-
hensive picture of participants’ self-monitoring behav-
ior during a short-term online obesity intervention. We 
observed some fluctuation in participants’ self-monitor-
ing data throughout the intervention. Furthermore, we 
found that some baseline characteristics of participants 
(e.g., weight loss motivation) and self-monitoring behav-
iors (e.g., timeliness of daily data filling) are positively 
correlated with their final weight loss outcomes. In addi-
tion., we categorized participants’ qualitative self-moni-
toring data into four distinct categories, and we observed 
differences in the distribution of these categories among 
groups with varying weight loss outcomes. These findings 
highlight the potential importance of self-monitoring 
behaviors to successful weight loss outcomes.

The changes in participants’ self-monitoring
Participants’ self-monitoring data underwent interest-
ing changes during the weight loss process. Throughout 
the intervention period, there was a gradual decrease in 
participants’ caloric intake, which aligns with findings 
from previous studies [33]. This implies that participants 
have learned to better control their caloric intake, which 

Table 5 Results of chi-square test analysis of qualitative data for self-monitoring in each group
Category /Subcategory Poor group Moderate group Excellent group X2

observed expected observed expected observed expected
Weight loss awareness 61 74 49 86 128 78 49.916***

 Risk situations 22 17 8 20 25 18 11.087**

 Self-motivation 11 17 15 19 28 18 8.995*

 Disadvantages 11 12 6 13 20 12 9.132*

 Keeping awareness 6 11 7 13 23 12 15.759***

 Follow-up plan 4 9 9 10 16 10 7.422*

 Keeping patient 7 8 4 10 16 9 9.356**

Eating behavior 34 60 59 69 98 63 32.23***

 Restrictive diet 12 20 16 23 37 21 17.215***

 Overeating 8 18 25 21 25 19 8.297*

 Inhibit failure 10 12 13 14 15 12 0.834
 Irregular diet 1 4 2 5 10 4 11.538**

 Mindful eating 3 4 1 4 8 4 6.887*

Physical activity 18 45 41 51 84 47 47.249***

 Exercise amount 7 24 23 28 47 25 31.527***

 Type of exercise 8 15 9 17 31 16 21.963***

 Exercise philosophy 3 6 9 6 6 6 2.194
Perception of change 74 86 75 99 126 90 21.582***

 Healthy eating 38 31 23 35 37 32 6.826*

 Body feeling - negative 20 27 26 30 38 28 6.002
 Body feeling - positive 2 9 10 11 18 10 12.590**

 Weight concerns 8 14 7 16 30 15 23.522***

 Emotional change 6 6 9 6 3 6 2.437
Note. The expected frequency was maintained as an integer. *p<.05. **p<.01. ***p<.001
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provides favorable conditions for achieving weight loss. It 
is worth noting that there was a slight increase in caloric 
intake during the last week than in week 4 though the dif-
ference was not statistically significant. Week 5 marked 
one week after the final intervention, and although par-
ticipants were still expected to engage in self-monitoring, 
there seemed to be some subtle variations in their level 
of commitment. This increase raises concerns about the 
potential for a rebound in caloric intake.

In this study, participants’ daily sedentary hours gradu-
ally increased. This could be attributed to two potential 
reasons. Firstly, the intervention in this study might have 
placed more emphasis on healthy eating than physical 
activity. Secondly, the intervention occurred between 
June and September 2022, a time when China encoun-
tered an exceptionally scorching summer and people 
refrained from outdoor activities. While there may be 
some inconsistencies in research findings across dif-
ferent regions, previous studies have consistently dem-
onstrated a close association between weather and 
sedentary behavior [34–36]. For instance, research on 
adults in the United Kingdom [34] and children in Den-
mark [37] found that participants tended to have longer 
sedentary periods during the winter. However, a survey 
of adolescents in Hong Kong, China, indicated an associ-
ation between higher temperatures and increased seden-
tary time on weekends [36]. Therefore, in future studies 
of a similar nature, it is essential to consider the impact 
of weather factors on the effectiveness of weight loss 
interventions.

Furthermore, participants’ daily weight loss satisfaction 
showed a gradual decline over five weeks. The satisfac-
tion levels were significantly higher in the first, second, 
and third weeks compared to the fifth week. Interest-
ingly, this pattern mirrored the average weight loss, with 
participants achieving the greatest weight loss in the 
first week and the least in the last week. The difference 
between these two weeks was statistically significant. 
This observation suggests that participants were aware of 
their weight loss behavior and changes in their weight. As 
time progressed, there was a noticeable decrease in their 
satisfaction with their dietary restrictions or physical 
activity. This decline in satisfaction was consistent with 
the observed trend in their weight, strengthening the link 
between their efforts and the outcomes they achieved.

The frequency of daily logs also exhibited a gradual 
decrease over the five-week period. Since the daily log 
was optional for participants, this change may suggest a 
decrease in motivation to keep a summary or that par-
ticipants had become accustomed to their weight loss 
behavior.

Taken together, these findings suggest that participants 
were more engaged and motivated during the initial 
stages of the intervention, but their adherence gradually 

declined, which is consistent with the findings of previ-
ous studies [38, 39]. Previous studies have demonstrated 
that early weight loss plays a crucial role in achieving 
eventual weight loss success [40, 41]. This indicates that 
practitioners may take advantage of participants’ initial 
high level of engagement and make efforts to enhance 
their engagement in the later stages.

Predictors of weight loss
Identifying effective predictors of weight loss is clinically 
significant. Our results showed that baseline BMI, weight 
loss motivation, and timeliness of daily self-monitoring 
data filling could predict the final weight loss.

Higher baseline BMI among participants may indicate 
greater dissatisfaction with their weight [42] and a higher 
potential for weight loss, which in turn facilitated their 
weight loss progress. This finding is consistent with the 
results of Sasdelli et al. [43]. Additionally, participants’ 
weight loss motivation was found to significantly predict 
their final weight loss. The finding not only emphasizes 
the importance of motivation in weight loss interventions 
but also suggests that enhancing participants’ motivation 
can be a valuable approach in obesity interventions.

Moreover, the timeliness of participants’ daily data fill-
ing was found to be an effective predictor of weight loss. 
The act of daily data filling allowed participants to self-
monitor their progress, which is beneficial for weight loss 
[44, 45]. Timely data filling could also be considered as 
adherence to the self-monitoring requirements, and pre-
vious studies have found that higher adherence is asso-
ciated with greater weight loss [44, 46]. Interestingly, 
participants’ higher self-monitoring adherence contrib-
uted to weight loss that may not be moderated by partici-
pants’ gender. Comparable patterns have been observed 
in previous internet-based intervention studies that 
exclusively involved either males [47] or females [48], 
as well as both genders [44]. Despite the predominantly 
adult female participants in this study, the findings once 
again underscore the importance of adherence to online 
weight interventions.

In this study, no significant relationship was found 
between daily caloric intake, daily physical activity 
expenditure, and weight loss. This could be attributed to 
the data collection method used in this study. Due to the 
challenges of accurately weighing their daily food intake, 
there could have been potential errors in the participants’ 
estimates of food weight, which in turn affects the final 
caloric value. Moreover, prior evidence based on a large 
sample of wearable devices indicates that while physical 
activity contributes to modest weight reduction, achiev-
ing clinically significant weight loss remains a consider-
able challenge [49]. The findings of this study similarly 
reveal a non-significant association between physical 
activity expenditure and weight loss. As highlighted by 
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Swift et al. [50], achieving clinically meaningful weight 
loss through aerobic exercise is challenging unless the 
training volume is exceptionally high. The greater value 
of physical activity and aerobic exercise in weight loss lies 
in enhancing physical function, particularly in reducing 
cardiovascular system risks [51].

Furthermore, emotional distress has long been rec-
ognized as a contributing factor to overweight or obe-
sity [52], and some studies have incorporated emotional 
management as part of weight interventions [33, 53]. 
However, in this study, no significant association was 
found between participants’ daily mood and weight loss. 
This result may be attributed to the inclusion of the emo-
tional intervention component in this study. Participants 
may have developed better emotional awareness and cop-
ing strategies, enabling them to identify their emotions 
and make adjustments, thus reducing the likelihood of 
engaging in emotional eating.

Participants’ daily log
Our qualitative analysis of participants’ daily logs 
revealed four categories: weight loss awareness, eat-
ing behavior, physical activity, and perception of change. 
Among these categories, the perception of change was 
the most frequently mentioned, followed by weight loss 
awareness, eating behavior, and physical activity.

Perception of change encompasses participants’ per-
ceptions of various aspects including their healthy eating 
behavior, body, weight, and emotion. The subcategory of 
healthy eating garnered the highest proportion of this 
category. This indicates that participants placed signifi-
cant emphasis on their dietary choices and recognized 
the importance of adopting healthy eating habits during 
their weight loss journey. Negative body feelings were the 
second most frequently reported subcategory, this may 
be the result of changes in exercise and eating behavior 
during the weight loss process. In the beginning phase, 
the increase in physical activity can often result in mus-
cle soreness and fatigue [54]. Also, the reduced intake of 
high-caloric foods may impact participants’ eating expe-
rience and hunger levels. Furthermore, participants also 
mentioned weight concerns, healthy eating, and emo-
tions, indicating their growing awareness of both the 
physical and psychological changes during the weight 
loss process.

Weight loss awareness involved participants being 
mindful of risky situations, recognizing adverse factors 
in the weight loss process, motivating themselves, and 
maintaining patience. Previous studies have highlighted 
the importance of identifying and addressing high-risk 
situations as a strategy for long-term weight loss success 
[55], and our research findings support this view. Inter-
estingly, some participants who encountered such risks 

quickly adjusted themselves and proposed follow-up 
weight loss plans.

A study on lifestyle interventions has shown that 
individuals who achieve successful weight loss exhibit 
increased control over their dietary behaviors [56]. In the 
qualitative self-monitoring data of this study, participants 
similarly recorded different eating behaviors. The eating 
behavior category included descriptions of both risky 
eating behaviors (e.g., overeating) and advocated eating 
behaviors (e.g., mindful eating). This demonstrates the 
participants’ efforts to modify their dietary habits dur-
ing the weight loss process, which is crucial for successful 
weight reduction.

The category of physical activity records appeared less 
frequently in participants’ daily logs, which included 
descriptions of exercise amounts, types of exercise, and 
perceptions of exercise. The low rates in this category 
seem to be consistent with quantitative data (e.g., physi-
cal activity expenditure, and sedentary hours). This may 
be attributed to the hot weather during the intervention 
period, which could have hindered participants’ engage-
ment in physical activities.

Self-monitoring differences among participants with 
different weight loss outcomes
In the current study, the probability distribution of 
daily log frequencies reported by participants with dif-
ferent weight loss outcomes showed inconsistencies. 
Compared to the excellent group, both the poor group 
and moderate group reported lower observed frequen-
cies than expected frequencies in all four categories and 
most subcategories. Participants in the excellent group 
exhibited higher frequencies in identifying risk situa-
tions, disadvantages, self-awareness, self-motivation, 
and follow-up weight loss plans, as well as demonstrat-
ing greater patience. Additionally, they reported more 
adjustments in eating habits, such as self-restriction and 
healthy eating, and recorded a greater frequency of phys-
ical activity, including different exercise types and levels, 
as well as expressing more weight concerns. Conversely, 
the poor group and moderate group demonstrated oppo-
site characteristics overall. Considering that summa-
rizing daily weight loss progress is an optional feature, 
participants’ willingness to fill out these logs implies a 
potentially higher level of self-monitoring adherence. 
Previous quantitative studies have confirmed that par-
ticipants with high self-monitoring adherence experience 
more significant weight loss outcomes [16, 38]. In line 
with these findings, the present study also observed that 
the group exhibiting greater weight loss reported more 
daily logs, further supporting the value of self-monitor-
ing adherence for weight loss.

It is noteworthy that there were also inherent inconsis-
tencies in self-monitoring among the three groups. For 
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example, the poor group reported higher than expected 
frequencies in “risk situations” and “healthy eating”. How-
ever, the moderate and excellent groups reported higher 
than expected frequencies of “overeating”. This may sug-
gest that weight loss is a complex process. Participants 
who achieve less weight loss still demonstrate some posi-
tive weight loss behaviors, indicating their efforts in the 
process. On the other hand, participants who achieve 
more weight loss may also exhibit some unfavorable 
behaviors during their weight loss journey, highlighting 
the potential challenges and complexities involved in suc-
cessful weight loss.

Furthermore, an intriguing observation is that, among 
the three participant groups, the excellent group reported 
a higher quantity of physical activity. However, quantita-
tive self-monitoring data indicated that energy expendi-
ture from physical activity and sedentary behavior could 
not predict the final weight loss. This seemingly contra-
dictory phenomenon may be attributed to the fact that 
the reported physical activity in qualitative self-mon-
itoring merely records behavior and may not accurately 
reflect the actual energy expenditure. The excellent group 
reported a greater frequency of recording physical activ-
ity, serving as an indication of high adherence to self-
monitoring. Higher levels of self-monitoring contribute 
to sustained improvement in health behaviors [38], lead-
ing to more substantial weight loss.

Strengths and limitations
This study has some notable strengths. Firstly, it provides 
valuable insights into how participants’ self-monitor-
ing behavior changed during a short-term online group 
psychological weight loss intervention. Dieters demon-
strated some promising (e.g., decreases in caloric intake) 
and worrying changes (e.g., increases in sedentary hours 
and gradual slowing of weight loss). These observations 
suggest a higher level of adherence in the early stages of 
weight loss and a potential risk of reduced motivation in 
the later stages. These patterns can be utilized by weight 
loss practitioners to develop more focused intervention 
strategies, such as targeting weight loss motivation and 
promoting timely self-monitoring. Additionally, pro-
viding appropriate support throughout the weight loss 
journey, such as group interventions and mutual moni-
toring, can further enhance the effectiveness of these 
interventions.

Secondly, the study took a comprehensive approach 
by analyzing participants’ self-monitoring data using 
a mixed method. The convergence of quantitative and 
qualitative data enhances the validity of the findings. 
For example, the quantitative data revealed a decrease 
in daily physical activity expenditure and an increase in 
daily sedentary activity, which was complemented by the 
qualitative data indicating a decrease in the frequency 

of physical activity categories. This combination of data 
provides unique and valuable insights into the intricacies 
of the weight loss process.

Thirdly, this study contributes to the existing knowl-
edge of predictors of weight loss in online intervention 
studies. In addition to baseline BMI and weight loss 
motivation, participants’ timely filling in of the day’s self-
monitoring data is also a critical contributing factor to 
weight loss. This finding underscores the importance of 
consistent and regular tracking behaviors.

Finally, this study examined differences in participants’ 
qualitative data. The results highlight that successful 
weight losers are more proactive and have more textual 
summaries of their daily weight loss performance.

However, there are some limitations to this study. 
Firstly, participants’ caloric intake relied on estimates 
obtained through a smartphone application. Partici-
pants may have inaccurately estimated food weights, 
leading to potential errors in the calculation of caloric 
intake. Future studies could consider incorporating more 
objective measurements (e.g., electronic scales and fit-
ness trackers), to ensure more precise results. Secondly, 
caution should be exercised when generalizing the find-
ings of this research. Due to the limited sample size of 
this study and its focus on Chinese adult females, it is 
important to exercise caution when generalizing the con-
clusions and considering potential differences in dietary 
structures and obesity perceptions.

Conclusion
This study uncovered a fluctuating pattern in the self-
monitoring behavior of participants undergoing an 
online group psychological weight loss intervention. The 
analysis of quantitative and qualitative data revealed that 
participants exhibited higher levels of engagement in 
self-monitoring during the initial stages of weight loss, 
which gradually declined in later stages. Notably, partici-
pants with higher baseline BMI, higher levels of weight 
loss motivation, and consistently engaged in timely 
self-monitoring achieved more significant weight loss 
outcomes. Furthermore, more successful participants 
reported more frequent and detailed content in their 
weight loss summary texts.

Based on these findings, clinical practitioners should 
strive to enhance both participants’ weight loss motiva-
tion and their adherence to self-monitoring. Incorpo-
rating digital technologies such as wearable devices and 
mobile apps, along with mutual reminders from group 
members, could prove beneficial in boosting self-mon-
itoring adherence. This, in turn, facilitates heightened 
awareness of weight loss-related physical activity and 
dietary habits. Additionally, future researchers could fur-
ther expand participant sample sizes and employ more 
precise measurement tools to assess daily calorie intake 
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and expenditure, thereby enhancing the internal validity 
of the study.
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