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Abstract: Individual carbon accounting and trading is significant for building and achieving low-
/zero-carbon university campuses. This manuscript examines various aspects of individual carbon
trading on campus, such as assessing personal carbon emissions, students’ willingness to participate
in individual carbon trading on campus, and its influencing factors, policy setting, and emission
reduction benefits. Based on the Theory of Planned Behavior, this manuscript uses the conditional
process analysis method and conducts a questionnaire survey on a university campus in Beijing to
evaluate individuals’ carbon emissions on campus and explore their willingness to trade personal
carbon. Moreover, a system dynamics approach is adopted to propose a simulation model of
individual carbon trading on the campus and assess its feasibility and emission reduction benefits.
The results indicate an average annual emission reduction of 8.18% per person, providing a theoretical
foundation to implement and promote the individual carbon trading pilot on campus. These findings
highlight the potential benefits of individual carbon trading policies that may effectively reduce
carbon emissions on university campuses.
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1. Introduction
1.1. Research Background

In response to global climate change and the energy crisis [1], countries worldwide
have launched carbon trading in recent years to expedite the attainment of carbon peaking
and carbon neutrality. The European Union Emissions Trading System, introduced in 2005,
represents the world’s most extensive international system for trading greenhouse gas
emission quotas [2]. As of early 2022, there are 25 operational carbon trading systems,
collectively covering approximately 17% of global greenhouse gas emissions.

As the world’s largest carbon emitter [3], China began exploring the carbon market’s
construction in 2013 and launched pilot projects in seven cities [4]. Up to now, China has
established an institutional framework for quota allocation, data management, transaction
supervision, law enforcement inspection, and support platforms [5–8]. China’s carbon
trading is based on the principle of “government control over enterprises, enterprises
leading individuals”. The feasibility of personal carbon trading (PCT) will be explored
based on the enterprise carbon trading system and its practical experience [9]. However, the
current carbon trading system only focuses on reducing carbon emissions in the production
process without considering the impact of consumption-side demand on production in the
social reproduction cycle. This means that the increasing energy consumption demand can
offset any reduction in emissions achieved through production [10]. To address this issue,
PCT can complement the existing carbon trading system from the consumption side.

Sustainability 2023, 15, 15928. https://doi.org/10.3390/su152215928 https://www.mdpi.com/journal/sustainability

https://doi.org/10.3390/su152215928
https://doi.org/10.3390/su152215928
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0002-5100-1391
https://orcid.org/0000-0001-7586-2746
https://doi.org/10.3390/su152215928
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su152215928?type=check_update&version=1


Sustainability 2023, 15, 15928 2 of 17

The idea of integrating carbon trading into people’s daily lives was first proposed
independently by Fleming [11] and Mayer [12] and received more in-depth research and
political support worldwide [13–17]. PCT can influence people’s lifestyles and consumption
habits [18], making it an indispensable component of carbon trading practice for long-term
carbon reduction [18,19]. PCT has also gained a high priority in China. The basic idea is
to quantify carbon reduction behaviors as personal assets and attach an economic value,
which the public has widely accepted. However, since most individual carbon trading
systems are much more expensive to set up and run than upstream enterprise carbon
trading systems [20], and the benefits of emission reduction may not cover its costs, the
current projects are generally of a public welfare nature.

An analysis of the core functions and roles of carbon trading [21] showed that con-
structing the PCT system faces several challenges. First, a sustainable commercial operation
model has yet to be developed [22]. As there is a lack of connection between the person
trading projects and the market, individual carbon emission reduction benefits are not
attractive enough for social capital. Secondly, there are concerns about the effectiveness
of information transmission in constructing PCT. Consumers have a limited understand-
ing of transaction mechanisms and inadequate information collection. The construction
further suffers from the lack of a unified scale for data quantification, as well as issues
of information asymmetry. As such, it is difficult for enterprises or platforms to share
data under the premise of safety and reliability [9]. Moreover, the incentive mechanism
for user participation is not well established, resulting in low enthusiasm and sustain-
ability in consumer participation, reduced willingness to conserve energy, and limited
benefits in emission reduction. Fragmented platform coverage scenarios and high user
operating costs [9] contribute to hidden incentive discounts. Moreover, social acceptance
varies depending on participants’ nationalities and socioeconomic statuses and it is further
constrained by implementation complexity [23–25]. Finally, the current market order is
deficient in robustness. Inadequate support from relevant laws and regulations and an
incomplete policy system poses challenges to maintaining market order [26,27].

Various social policies are often piloted on university campuses before their implemen-
tation in practice [28], owing to their high population densities and relatively complete and
independent social functions [29]. For PCT investigation, students are considered a suitable
group because they have high levels of consistency in their work and rest, a single energy
consumption mode, and concentrated energy use times and locations. In addition, carbon
emission factors can be localized according to the school standards [30,31], providing a nec-
essary and feasible basis for carbon emission calculation. As the primary contributors and
consumers of green energy in the future, college students also have the potential to impact
the sustainable development of green energy with their attitudes and behaviors. Therefore,
understanding college students’ behavioral psychology and motivations regarding carbon
emissions can inform the development of effective and efficient PCT models tailored to the
specific context.

1.2. Research Contents and Methodology

This manuscript measures individual carbon emissions and models personal carbon
trading on campus (PCTC). It presents a research pathway that involves “questionnaire
research-data analysis-PCTC model development-benefit evaluation”. The investigation
initially consists of the computation and examination of the constituents of individual
emissions within a university campus in Beijing, China. Then, it explores the operational
mechanism and institutional structure of carbon trading using a system dynamics (SD)
approach model. This paper uses a Likert scale to assess students’ carbon emissions
and behavioral psychology, assuming that carbon emission levels reflect participants’
willingness to engage in individual carbon trading. A questionnaire survey is conducted
to collect individuals’ carbon emission data within the university boundary. These data
are then weighted using localized factors to estimate individual carbon emissions. A
total of 1227 valid questionnaires are collected from students at a university in Beijing,
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providing an objective and scientifically quantifiable assessment of the students’ energy-
saving awareness and carbon emission levels. The proposed hypotheses are tested through
the conditional process analysis method. Based on the functional relationship obtained
from the analysis, this study establishes a feedback link from carbon trading to individual
carbon emissions using the SD approach. Specifically, the study assumes a relationship
between trading personality and the frequency of transactions and explores the relationship
between fundamental information factors and carbon emissions under different settings
with the correction of behavior factors. Through iterative simulations, this study predicts
the annual emission reduction benefits of carbon trading within the university for different
groups and provides policy recommendations accordingly.

The remainder of the manuscript is organized as follows: Section 2 provides a review
of the research status of the low-carbon campus. Section 3 describes the questionnaire
design and data analysis results. Section 4 outlines the PCTC modeling based on the SD
approach. Finally, Section 5 presents the conclusions and discussion.

2. Literature Review
2.1. Accounting Methods of Campus Carbon Emissions

Various studies have proposed diverse assessment standards and managerial ap-
proaches for campus carbon accounting. When conducting carbon accounting for universi-
ties and colleges, scholars worldwide usually incorporate the real circumstances with the
IPCC inventory method [32] and account for three dimensions: buildings, transportation,
and waste. They either develop accounting methods for each dimension separately or
emphasize one dimension. Ridhosari et al. [33] obtained carbon footprint data utilizing
direct sampling, questionnaire surveys, and secondary data and gauged the total carbon
emissions of universities from electricity, transportation, and waste. Guerrieri et al. [34]
centered on buildings and assessed carbon emissions from buildings, lighting, and trans-
portation. Guo [30] employed the carbon emission factor method with localized IPCC
factors and calculated the annual carbon emissions of universities from the perspective of
carbon sources based on electricity consumption. Shi et al. [35] utilized fluid mechanics
to simulate the diffusion of carbon dioxide and carbon fixation by plants and employed a
carbon sink as an indicator to estimate the carbon emissions of universities.

Based on the above discussion, various methods are available for campus carbon
emission accounting, and the emission factors and accounting models are comprehensive,
accurate, and mature. However, practical carbon emission research faces many restrictions
due to the unique nature of schools. As a result, selective carbon emission research leads to
diversified accounting perspectives and inconsistent accounting standards.

2.2. Low-Carbon Campus Evaluation Indicators and Willingness towards PCT

Formulating low-carbon campus evaluation indicators can effectively gauge the sus-
tainability of campus construction. Several studies have recommended evaluation stan-
dards for low-carbon campuses based on the perspective of campus construction and have
implemented various models to construct evaluation systems based on different dimen-
sions. For instance, Zhao et al. [36] proposed a green campus evaluation indicator system
founded on dynamic Bayesian inference and adaptive network fuzzy inference system
(DBN-ANFIS). Na et al. [37] formulated an expert questionnaire, compared the Analytic
Hierarchy Process (AHP) with the Entropy Weight Method (EWM), and assigned different
weights to four aspects: management mechanism, low-carbon culture, renewable energy
utilization, and emission reduction measures. Liu et al. [38] combined ecological footprint
evaluation (EFE) with the life cycle assessment (LCA) to evaluate the sustainability of low-
carbon campus development. Zhu et al. [39] focused on the green campus development
model of Stanford University through the Sustainability Tracking, Assessment, and Rating
System (STARS).

Moreover, it is imperative to explore the roles of individuals in achieving low-carbon
campuses, with students leading the charge in promoting environmental sustainability
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on campus [40]. Various studies have employed survey-based research methodologies
to examine the individual intentions of universities toward this end [41]. Fang et al. [31]
investigated college students’ attitudes toward green energy from both the supply and
demand sides of the market, encompassing renewable and nuclear energy sources and
energy-efficient household appliances. Lin et al. [42] conducted a study to investigate
the impacts of individual and social factors on preferences for different carbon reduc-
tion policies, namely PCT, carbon tax, and CGSP, to provide insights for governments to
design effective consumption-side carbon reduction policies in the future. In summary,
numerous universities have taken steps to implement and enforce low-carbon policies
and measures, which have resulted in notable carbon reductions. Nevertheless, current
policies, management practices, and comprehensive evaluation criteria for campus carbon
reduction primarily emphasize building energy consumption and layout planning [43],
thereby lacking in assessing individual energy-saving attitudes on campus.

3. Research Hypotheses and Examinations
3.1. Research Hypotheses and Theoretical Basis

Examining the variables that impact pilot engagement and behavior is crucial in
anticipating pilot operations, as it furnishes empirical and statistical backing for PCT.
The Theory of Planned Behavior (TPB), raised by Ajzen [44], is a pivotal framework for
scrutinizing the mechanisms of persuasion on pro-policy attitudes. The TPB postulates
that behavioral intention refers to the extent of an individual’s willingness to engage
in a particular action and the efforts they plan to make [45], and it has been upheld by
various psychological investigations into carbon emission conduct [46,47]. Behavioral
intention is determined by an individual’s beliefs about the likely consequences of the
behavior (behavioral beliefs), the normative expectations of others (normative beliefs),
and the presence of factors that may facilitate or act as an obstacle to the performance of
the behavior (control beliefs). In their respective aggregates, behavioral beliefs produce
an uncertain attitude toward the behavior; normative beliefs lead to perceived social
pressure or subjective norm; and control beliefs give rise to perceived behavioral control
or self-efficacy.

Under China’s personal carbon trading setting, PCT is still in its experimental stage,
and a sustainable commercial operation mechanism has not yet been fully developed. Fur-
thermore, the incentive mechanism for user participation is not well established, resulting
in low social acceptance, enthusiasm, and sustainability in consumer participation. As
a result, individuals will not fully understand the obstacles of time, money, and trading
channels, and they will develop perceived social pressure to use PCT from close friends or
family members. Guo et al. [48] found that many residents in China took a wait-and-see
attitude due to their lack of knowledge about the PCT scheme. In this way, we only in-
corporate behavioral beliefs and consider attitudes as cardinal determinants of behavioral
intention. Consistently, Gansser and Reich [49] discovered that the influence of the attitude
toward sustainable behavior on intention to change behavior has the most significant effect
on the areas of consumption and energy.

(1) Individual carbon emission, attitude, and willingness to implement PCT

We first analyze individual carbon emissions as a significant factor influencing the
pro-environmental attitude, and how it further impacts the willingness to implement PCT.
Attitudes allude to the extent of participants’ inclination towards low-carbon behaviors and
lifestyles. Individuals with higher emission levels may be less likely to execute low-carbon
actions, may be unwilling to compromise their consumption levels, and do not prioritize en-
vironmental protection, thus exhibiting poorer low-carbon attitudes. According to the TPB,
attitudes are cardinal determinants of behavioral intention, and individuals with favorable
attitudes toward carbon savings are more willing to support individual carbon reduction
policies. Chen et al. [50] and Liu et al. [51] concluded that low-carbon attitudes and values
significantly impact residents’ low-carbon behaviors. Meanwhile, Yang et al. [52] found
that individuals with high environmental responsibility and attitudes toward reduction
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are more likely to engage in direct and indirect energy reduction actions. The study by
Capstick and Lewis [53] provided an inverse relationship between a participant’s carbon
footprint and their support for PCT. Tao et al. [54] showed that high-carbon consumers
are not more willing to purchase voluntary carbon-offsetting products among Chinese
consumers. Therefore, we hypothesize the following:

H1. Individuals with high carbon emissions will be less willing to participate in PCT.

H2. Individuals with high carbon emissions will exhibit negative low-carbon attitudes and, thus, be
less willing to participate in PCT.

(2) The mediating effect of habits

We further demonstrated the moderating role of personal habit on the relationship
between attitude and the intention of adopting PCT. Habits reflect participants’ habits and
knowledge of energy conservation, which is developed over a prolonged period, and they
are strongly stable compared with other factors. Danner et al. [55] concluded that frequently
performed behavior is often a matter of habit, and habit establishes a boundary condition
for applying attitude–behavior models. Researchers have incorporated habitual behavior
into the behavioral model to increase its predictive ability [56–58]. Once established,
habitual behaviors do not require the process of reasoning and planning to occur. Instead,
they are automatically evoked upon instigating the goal to act, replacing the reasonable
thinking mechanism between attitude and behavior intention. Research indicates that
negative habits can serve as personal barriers to adopting low-carbon behaviors, while
low-carbon habits and knowledge improvements can increase low-carbon behaviors or
intentions [47,58]. Therefore, when individuals have higher levels of low-carbon habits,
they may engage in unconscious carbon reduction activities, human behavior will be less
guided by reason-based concepts, and there will be a less pronounced relationship between
attitudes and subsequent goal-directed behavior. Therefore, we hypothesize the following:

H3. Energy conservation habits will weaken the positive relationship between attitude and the
willingness to engage in PCT.

The above theoretical framework constitutes a moderated mediation model, as il-
lustrated in Figure 1. Furthermore, to explore the preferred types of incentives among
participants, the questionnaire includes inquiries regarding reward preferences. This di-
mension is defined as rewards and pertains to the prizes received through PCT to encourage
users to interact with the platform [59]. The incentive to adopt low-carbon behaviors and
gradually modify habits is strengthened when the rewards for reducing emissions surpass
the associated costs [10,60–62].
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Figure 1. The proposed moderated mediation model.

3.2. Questionnaire Design, Collection, and Reliability Tests

To examine these hypotheses, a survey is developed based on the condition of a
university in Beijing. The questionnaire is composed of three main sections. The first
section aims to collect the fundamental demographic information of the participants,
including their genders, educational levels, majors, and residency statuses. The second
section utilizes a Likert scale to assess the participants’ levels of low-carbon behavior,
attitudes towards low-carbon, willingness to engage in individual carbon trading, and



Sustainability 2023, 15, 15928 6 of 17

preferred rewards. Finally, the third section investigates and quantifies the portion of
operational carbon emissions that are frequently involved, easily counted directly, and in
urgent need of reduction, and classifies them into three settings.

This study targets a university campus in Beijing as its research sample. The survey
instrument is administered through a dual approach, encompassing both online and offline
channels, facilitated by “Questionnaire Star”, the predominant questionnaire survey plat-
form in China. Following eliminating outliers, such as instances with response times below
30 s or examples indicating contradictory responses, a comprehensive dataset comprising
1227 valid questionnaires is derived. The validity rate of this dataset stands at 94.1%.

A reliability test should be conducted on the participants’ data. Dimension “A” relates
to the attitudes of the participants towards low-carbon behaviors. Dimension “H” reflects
the participants’ habits and knowledge of energy conservation. Dimension “W” pertains
to the willingness to engage in individual carbon trading. This study finds dimension
“W” to be the most significant factor influencing the desires of individuals to participate
in PCT. The dimension “R” reflects the attractiveness of the reward mechanism to the
participants. All Cronbach’s alpha values exceed 0.70, indicating an acceptable internal
reliability. Table S1 lists the issues associated with each dimension.

3.3. Descriptive Statistics

The survey utilized in this study ensures a comprehensive representation of all de-
mographic groups residing on the campus. Further details concerning the participants
meeting the inclusion criteria are outlined in Table S2.

In the upcoming analysis, these items will be treated as critical factors that will be uti-
lized to construct simulation models. Drawing on the data collected from the questionnaire
and the carbon emission factors table provided below, this manuscript will calculate the
carbon emissions (CE) associated with various settings.

CEi = ∑ Ai × CF (1)

where Ai is the activity date of each item gathered from the questionnaire, and CF represents
the carbon emission factors that can use the values shown in Table 1.

Table 1. Carbon emission factors for the calculation.

Items CF Unit Data Source

Electricity consumption 0.87 kgCO2/kWh NDRC a

Excess electricity consumption 1.74 kgCO2/RMB NDRC a, SGCC b

Hot water 0.25 kgCO2/RMB CCEW c, NCEPU d

Air conditioner 1.994 kgCO2/RMB Green calculator, NCEPU d

Washing machine 0.3 kgCO2/Once MOST e

Textbook 0.66 kgCO2/One book MOST e

Printing 0.0043 kgCO2/One page MOST e

Express packaging 0.91 kgCO2/One box Green calculator
Takeaway packaging 0.48 kgCO2/Once Green calculator
Plastic bag 0.02 kgCO2/One bag MOST e

Notes: a NDRC: China National Development and Reform Commission. b SGCC: State Grid Corporation of China.
c CCEW: China carbon emissions trading market website. d NCEPU: North China Electric Power University. e

MOST: Ministry of Science and Technology of China.

The questionnaire finds that students’ average annual CO2 emissions on the counted
items are 393.7 kg, as shown in Table S3. The carbon emissions of the dormitory setting
accounts for 49.94%, and the carbon emissions of the activity setting accounts for 47.56%.
For the activity setting, takeaway packaging has the highest carbon emissions, accounting
for 26.90% of the total emissions, followed by express cartons, accounting for 17.12%. In
addition, hot water emits 21.23% of the total emissions for the dormitory setting, followed
by air conditioners and additional electricity, accounting for 13.69% and 11.78% of the total
emissions, respectively.
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3.4. Conditional Process Analysis

To further explore the factors influencing participants’ willingness to engage in PCT
and the efficacy of its principles, this study investigates whether attitudes mediate the
association between ln(Sum) and willingness and whether habits moderate the indirect
pathways. Model 4 (simple mediation model) in PROCESS macro v4.1, developed by
Hayes [63], is employed to examine the mediation effect while controlling for the variables
of gender, major, education level, and residency status. In Model 1, willingness is predicted
based on the direct effect of ln(Sum). Model 2 estimates the moderating effect of attitudes
between ln(Sum) and willingness. In Model 3, willingness is predicted based on the indirect
effect of attitudes. According to the results presented in Table S4, the multiple linear regres-
sion analysis demonstrates a significant negative predictive effect of ln(Sum) on willingness
(B = −0.1508, t = −3.3971, p < 0.01). Then, attitudes are introduced as mediators, showing
a significant negative predictive effect of ln(Sum) on attitudes (B = −0.2483, t = −0.4208,
p < 0.001), and a significant positive effect of attitudes on willingness (B = 0.394, t = 17.9638,
p < 0.001).

Furthermore, as shown in Table S5, the bias-corrected percentile bootstrap method
indicates that the bootstrap confidence interval for the mediating effect of attitudes does
not include 0. This suggests that ln(Sum) can predict willingness through the mediation of
attitudes. While the direct effect is found to be insignificant, this may be due to the limited
scale of participants. Nonetheless, it does not preclude the examination of the moderating
influence, and thus, Hypothesis 1 and Hypothesis 2 are supported.

The second phase of the analysis involves the use of Model 4 to test the moderated
mediation effect while controlling for gender, major, education level, and residency status.
The results are shown in Table S6. After including habits as a moderator variable, the
product of attitudes and habits has a significant negative predictive effect on willingness
(B = −0.0673, t = −3.2518, p < 0.01). This indicates that habits have a regulatory impact on
the predictive relationship between attitudes and willingness. Therefore, Hypothesis 3 is
partially supported.

As shown in Table S7 and Figure S1, a further analysis using simple slope indicates that
when participants have good habits (M+1SD), attitudes have significant positive predictive
effects on willingness (simple slope = 0.3403, t = 12.4643, p < 0.001). However, for those with
poor habits (M-1SD), the positive predictive effect of attitudes on willingness is significantly
stronger (simple slope = 0.4561, t = 15.6154, p < 0.001). These findings suggest that as the
levels of habits and the knowledge of energy conservation improve, the predictive effect
of low-carbon behavioral attitudes on the degree of willingness to engage in individual
carbon trading is weakened. Therefore, Hypothesis 3 is supported.

4. Results and Discussion
4.1. Deconstructing Carbon Emissions

The study’s objective is to focus on carbon emissions as a central point and to recon-
figure the willingness dimension to precisely quantify a user’s inclination to interact with
the platform, specifically in participating in PCTC. This section will present an analysis of
the fundamental information of the participants and their carbon emission data collected
from the questionnaire. It is important to note that the survey conducted in this study may
not fully represent the entire school population, as the education levels of the participants
significantly differ from the actual demographics of the school. To achieve more accurate
measurements of carbon emissions, this manuscript distinguishes between different carbon
emission settings and participant groups based on the fundamental information collected
from the survey. The reconstruction of the carbon emission formula by groups is as follows:

CEi = ∑
j

CEji = ∑
j

(
Cj × Sumj × εij

)
; (j = d, s, a) (2)
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where i represents the groups, j represents the settings, ε represents a correction factor for
the carbon emissions of the groups in the settings, which will be further explained later,
and Cj represents a correction factor for the carbon emissions of each setting.

4.1.1. Examination of Carbon Emissions According to Groups within Settings

The present study examines the differences in carbon emissions among participants
with varying fundamental characteristics across different settings. Through a differential
examination and significance level analysis, the results indicate significant variations in
carbon emissions based on gender in the activity setting, based on residency status in the
dormitory setting, and based on education levels in both the dormitory and study settings.
However, no significant differences in carbon emissions among students from different
majors, including energy-related ones, are observed in all three settings. Table S8 provides
a summary of the findings.

A partial correlation analysis, as shown in Table S9, reveals that the four behavioral di-
mensions are significantly negatively correlated with carbon emissions in the dormitory and
activity settings. However, none of these dimensions significantly impact carbon emissions
in the study setting. The analysis results indicate a correlation between carbon emissions in
various locations, fundamental information factors, and four behavioral dimensions.

4.1.2. Fundamental Carbon Emission Formula

Based on the analysis conducted above, the study indicates that carbon emissions
within various settings are closely associated with participants’ education levels and resi-
dency statuses in the dormitory setting (CEd), with gender in the activity setting (CEa), and
with education level in the study setting (CEs). This study further examines the differences
in average individual annual carbon emissions among diverse groups within each setting.
Since the carbon emission levels of graduate and undergraduate students are comparable,
as are the emission levels of Ph.D. and other students, the education levels are regrouped
into two categories: education level = 1 (including graduate and undergraduate students)
and education level = 2 (including Ph.D. and other students). The average individual
annual carbon emissions of different groups are presented in Table S10.

This study compares average carbon emissions among different groups in various
settings. The standard values for each setting are established using the carbon emissions
of specific groups as reference points. For the dormitory setting, the carbon emissions of
undergraduate and graduate students with an urban household residency status (198.20)
are considered with an information factor of 1 (IFd). Similarly, for the activity setting,
the carbon emissions of the male group (174.98) are taken as the standard value with an
information factor of 1 (IFa). For the study setting, the carbon emissions of undergraduate
and graduate students (9.8) are regarded as the standard value with an information factor
of 1 (IFs). The information factor (IF) is the first multiplier of ε. The study then ranks eight
groups based on three fundamental information factors, namely gender, residency status,
and education level. The corresponding IFs are estimated using the carbon emissions of
the standard value as the independent variable and the carbon emissions of the remaining
participants as the dependent variable. Table S11 presents the calculated values of IFi.

A partial correlation analysis is carried out based on fundamental information. The
results show that attitudes, habits, and willingness are significantly negatively correlated
with carbon emissions in the activity and dormitory settings. The estimated carbon emis-
sions are adjusted based on behavior factors. The CRITIC method is applied to determine
the proportion of each dimension in the final behavior characteristic assessment. The
CRITIC method is based on the variability and conflict between the evaluation indicators.
The variability of the indicators is measured using standard deviation, with higher weights
assigned to larger standard deviations, and the conflict is measured using the correlation co-
efficient between indicators, with lower weights assigned to stronger correlations between
indicators. Using the CRITIC method based on the data obtained from the questionnaire
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statistics, the weights of the three dimensions are calculated, and the results are shown in
Table S12.

Based on the CRITIC method, the behavior characteristic formula is as follows:

BC = [Pn, Pa, Pw][N, A, W]′ (3)

The behavior characteristics are standardized within the range of [−0.5, 0.5] to derive
the behavior factor. It is evident that the lower the carbon emissions, the higher the behavior
factor score. The formula for calculating the behavior factor is as follows:

BF =
2[Pn, Pa, Pw][N, A, W]′ − F

2F
(4)

The carbon emissions formula for the dormitory setting (CEd) is modified by incor-
porating the behavior factor. This is achieved by regressing the actual carbon emissions
against the previous ones, which serves as the independent variable. The regression analy-
sis results in a correction coefficient of 1.22 and an R-squared value of 0.767. Similarly, for
the carbon emissions in the activity setting (CEa), the correction coefficient is 1.24, and the
R-squared value is 0.701. In contrast, for the carbon emissions in the study setting (CEs),
the fundamental information factors are directly multiplied by the mean, as the behavior
factor does not influence this setting.

CEd = IFd × Sumd × 1.22× (1− BF)
CEa = IFa × Suma × 1.24× (1− BF)

CEs = IFs × Sums

(5)

where CEd represents the carbon emissions in a dormitory setting. CEs represents the carbon
emissions in the study setting. CEa represents the carbon emissions in an activity setting.
IFd represents the fundamental information factors in the dormitory setting. IFs represents
the essential information factors in the study setting. IFa represents the fundamental
information factors in an activity setting.

4.1.3. Emission Reduction Model Based on Trading Personality

For the scientific accounting of carbon emission reduction, the cumulative carbon
emission reduction achieved through users’ interaction with the platform is calculated as
the product of the frequency of transactions and the emission reduction for each transaction,
denoted as ED. The degree of willingness can be used as a metric to characterize users’
willingness to interact with the platform to obtain the frequency of transactions and the
amount of emission reduction for each transaction. Using the regression equation presented
in Table S6, the predicted value of willingness is obtained and used to classify positive
personality traits in PCTC.

A = [5.079,−0.248]
[

1
ln(Sum)

]

W =


1.742
0.625
0.236
0.067


′

1
A
H
A




1
1
1
H


′

(6)

As demonstrated in Figure 2, the median line is determined by calculating the mean
of Willingness, and five intervals are created based on the standard deviation. These inter-
vals, arranged in ascending order of frequency, are (I) low-frequency trading population,
(II) relatively low-frequency trading population, (III) average-frequency trading popula-
tion, (IV) relatively high-frequency trading population, and (V) high-frequency trading
population. This study posits that higher values of willingness correspond to more frequent
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carbon transactions, with a range of 1 to 5 carbon transactions in a given period, progressing
in ascending order. For instance, if a user falls under category IV (attentive to trading),
their frequency of transactions in this period would be 4.
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Meanwhile, the emission reduction for each transaction can be expressed as follows:

Z = Sum× a%

Here, Z represents the emission reduction per transaction, Sum denotes users’ average
annual carbon emissions, and a% represents the percentage reduction in emissions (a
recommended value of 2.7% is used). By combining the frequency of PCTC with the
emission reduction from each transaction, the cumulative emission reduction (ED) can be
calculated using the following formula:

ED =


1Z, I < 3.880
2Z, 3.880 6 I < 3.925
3Z, 3.925 6 I < 4.015
4Z, 4.015 6 I < 4.060
5Z, 4.060 6 I

(7)

∑ Z =
n

∑
i=1

Sum× (1− a%)i−1 × a% (8)

where n refers to the frequency of carbon transactions during the period.

∑ Z < 15%× Sum (9)

4.2. Modeling and Simulation Based on the SD Approach
4.2.1. System Model Analysis

This section explores the potential benefits of emission reduction through the PCTC
pilot by integrating the relationships mentioned above and performing hypothetical sim-
ulations. Figure 3 presents a mind map comprising a low-carbon response and emission
reduction models. The low-carbon response model illustrates the interconnectedness be-
tween carbon emissions (CE) and behavioral intention (BI). It is observed that BI has a
genuine negative effect on CE, while CE causes a prediction effect on BI. The trading per-
sonality determines the degree of emission reduction and introduces a disturbance to the
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BI and CE system. Thus, the primary system composed of BI and CE and the disturbance
organized based on trading personality achieves a dynamic equilibrium after multiple
rounds of iterations, resulting in stable carbon emissions and emission reductions.
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Figure 3. The analytical framework of carbon emissions and reduction system (note: the dotted
line in the figure represents the predictive relationship explored in Section 3, while the solid line
represents the causal relationship explored in Section 4.1).

4.2.2. The Development of PCTC Model

By integrating the equations presented earlier, this study utilizes the Vensim PLE
software to develop a stock–flow diagram, as depicted in Figure 4. The system takes
the average annual carbon emissions of individuals as the input, and the initial emission
values vary considerably between groups. To address this, the “average person” concept
is introduced to iterate this value annually. The “average person” represents a simulated
individual within each group, with changing carbon emissions and reductions and carbon
currency during the simulated trading process. The carbon emissions of the overall system
correspond to the emissions of this “average person”. Notably, each group’s “average
person” has distinct values for IFi, habits, and rewards, resulting in variations in other
values across different groups in subsequent iterations. Among them, the position of the
habits variable is equivalent to the constant term, IFi. In contrast, the value of rewards
represents the average level assigned to positive incentives for accepting various prizes,
considered as the daily consumption of carbon currency for the “average person” in dif-
ferent groups. The currency consumed in a given period is defined as (Rewards × trading
personality × 365)/maximum of frequency. The constant term for each group code is listed
in Table S13.

The PCTC model presented in Figure 4 comprises several components, including the
low-carbon response model, the emission reduction model, and the carbon currency rule.
The emission reduction model suggests reduction measures that are converted into carbon
currency according to a predetermined conversion rate (Rule I). This carbon currency
can then be exchanged for prizes (Rule II). The PCTC model can be subdivided into
different parts to assess their effects. The “average person” enters the cycle from their
carbon emissions and undergoes the low-carbon response model, with the stable value
representing the predicted carbon emissions value. Alternatively, the “average person”
enters the cycle from their carbon emissions and undergoes both the low-carbon response
model and the emission reduction model, with the stable value obtained representing
the carbon emission value after the reduction. Finally, the “average person” enters the
cycle from the carbon emissions and goes through the entire PCTC model, including the
low-carbon response model, the emission reduction model, and the carbon currency rule,
for the complete cycle. The hypothetical carbon currency conversion rate will be discussed
and verified in subsequent analyses.
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4.2.3. Simulation and Discussion

For example, the PCTC model simulates the carbon emissions of a proxy group (1/1/1)
comprising males, students with an urban residency status, undergraduate students, and
graduate students. This group’s initial value of carbon emissions is 376.750 kgCO2. Based
on the simulation results, this group’s predicted value of carbon emissions is 370.475 kgCO2.
After applying the emission reduction model, the carbon emission value after the reduction
is 340.149 kgCO2, resulting in an annual emission reduction of 30.326 kgCO2 for the average
person of group code (1/1/1).

The emission reduction results are calculated for eight groups, with the average
annual emission reduction per person being 30.875 kgCO2 after implementing the reduc-
tion measures. The reduction values vary across groups, ranging from 29.204 kgCO2 to
43.053 kgCO2. Further detailed data are presented in Table 2.

Table 2. Simulation results.

Group Code
(Gender/Education

Level/Residency
Status)

Initial CE a Predicted Value of CE a CE a Value after
Reduction ED b Number

1/1/1 376.750 370.475 340.149 30.326 456
1/1/2 357.073 355.794 326.590 29.204 367
1/2/1 539.134 511.955 470.548 41.407 14
1/2/2 569.531 389.188 357.209 31.979 9
2/1/1 444.875 402.280 369.511 32.769 210
2/1/2 426.266 392.132 360.142 31.990 156
2/2/1 572.190 533.216 490.163 43.053 10
2/2/2 378.852 409.402 375.856 33.546 5

Weighed mean 393.688 377.517 346.642 30.875 1227

Notes: a CE represents the average individual annual carbon emissions. b ED represents cumulative carbon
emission reduction achieved through users’ interactions with the platform.

The carbon currency rule, which includes Rule I and Rule II, is an important part of
the PCTC model. The currency conversion rate in Rule I is a hypothetical quantity assumed
to convert the emission reduction actions into carbon currency. In Rule II, the amount of
carbon currency consumed to convert rewards to carbon currency is determined by the
frequency of transactions in a period and the trading personality. The carbon currency rule
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combines the low-carbon response and emission reduction models to form the complete
PCTC model.

For instance, in group code (1/1/1), the simulation shows that adjusting the currency
conversion rate affects the carbon emission value after reduction. When the currency
conversion rate is greater than or equal to 30 currency/kgCO2, the currency amount
accumulates year by year. Conversely, when the currency conversion rate is less than
30 currency/kgCO2, the currency amount decreases year by year. Therefore, the currency
conversion rate should be higher than 30 currency/kgCO2 to incentivize users to interact
with the platform and reduce emissions.

5. Conclusions

The existing literature on campus carbon emission accounting and the low-carbon
campus evaluation index construction primarily adopts macro-level approaches that offer
policy guidance and have promising research prospects. Additionally, individual-level
analyses have been conducted to explore the influences of awareness and the willingness
to save energy on the effectiveness of consumption-side emission reduction policies. To
address the gap in PCT benefit prediction, expand the low-carbon campus concept, and
incorporate individual carbon emissions into the macro emission reduction system, this
manuscript employs a behavioral, psychological research method based on a questionnaire
survey to investigate individual carbon emissions and the willingness towards participating
in PCT.

The findings of the conditional process analysis carried out on participants from a
university in Beijing reveal that attitudes fully mediate the association between carbon
emission levels and willingness, and the indirect association is moderated by habits. These
results enhance our comprehension of the factors that impact an individual’s willingness to
engage in PCT, including their level of carbon emissions and awareness of energy conser-
vation, while emphasizing the influence of individual differences in cognitive mechanisms.
This study’s theoretical and practical implications are significant and provide a valuable
data source to simulate and evaluate the benefits of the PCTC pilot.

By drawing on the findings of the PCTC model and employing a simple SD simulation
approach, this study estimates that the provision of corresponding reduction methods
based on participants’ trading personalities can lead to a cumulative reduction of 30.875 kg
in CO2 emissions per person, with varying benefits for different characteristic groups. In
addition, this study examines the impact of the emission reduction currency conversion
ratio on trading and carbon emission reduction using the community of group code (1/1/1).
The results suggest that individuals are likelier to exhibit a heightened interest in trading
and reducing carbon emissions when the conversion ratio exceeds 30 currency/kgCO2. This
initial exploration of PCTC modeling can serve as a foundation for future implementation
and offer insights into the design of PCT pilots in settings similar to university campuses.

In summary, this manuscript provides valuable insights into the potential for PCT on
university campuses, and the findings suggest that such policies may be effective tools
for reducing carbon emissions. These results have implications for environmental policy
makers and suggest that PCT may be a viable solution to reduce carbon emissions in other
settings. Future research could improve upon this manuscript’s limitations. To begin with,
a longitudinal or experimental design may be more suitable, as the current cross-sectional
design precludes causal inferences. Moreover, the SD-based simulation model assumes an
“average person” behavior, which may not reflect the complexity of individual behavior.
To mitigate this issue, future research could conduct offline pre-pilot studies that use actual
transaction data to adjust the plan and dynamically obtain more accurate benefit estimates.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/su152215928/s1, Figure S1. Simple slope analysis. Table S1.
Questionnaire section. Table S2. Participants’ fundamental information features. Table S3. Carbon
emissions for each setting. Table S4. Testing the mediation effect of ln(Sum) on the Willingness.
Table S5. Total, direct and indirect effects. Table S6. Testing moderating effect of Attitudes on
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Willingness. Table S7. Direct and mediating effects at different levels of Habits. Table S8. Differential
examination. Table S9. Partial correlation analysis. Table S10. Average individual annual carbon
emissions of different groups. Table S11. Different groups codes and fundamental information
factor. Table S12. Weight analysis results based on CRITIC method. Table S13. Group codes and
constant items.
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Nomenclatures

Variable Description
Gender Genders of participants
Education level Backgrounds of participants’ education
Major Whether the participants have an energy-related background
Residency status Registered residence distribution of participants
Sum Individual annual carbon emissions
ln(Sum) The natural logarithm of the individual annual carbon emissions
A Participants’ attitudes towards low-carbon behaviors
W Participants’ willingness to engage in individual carbon trading
H Participants’ habits and knowledge of energy conservation
R Rewards offered to participants to incentivize their interactions with

the platform
ED Cumulative carbon emission reduction achieved through users’ interactions

with the platform
P Proportion of each variable in the formula
F Full mark of the behavioral factor
BC Behavior characteristic
BF Behavior factor
CE Average individual annual carbon emissions
CF Carbon emission factor
Ai The activity date of each item gathered from the questionnaire
IF Fundamental information factors
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