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Increasing human pressures can limit ecosystems' ability to maintain natural functions and meet
sustainable development needs. Therefore, environmental carrying capacity (ECC) evaluation,
as a decision-making support tool, plays a key role in identifying limiting factors and formulating
management policies. The present study aims to assess changes in environmental carrying
capacity in District 6 of Tehran City from 2019 to 2025. For this purpose, Shannon entropy
weighting was applied to 19 indicators selected across three components: pressure, state, and
response, within the pressure-state-response (PSR) framework. In addition, the Mann-Kendall
and Pettitt’s tests were used to evaluate the trend and the Monte Carlo method was used to
assess the uncertainty in ECC values from 2019 to 2025 in RStudio. Data import, preprocessing,
and visualization were conducted using the readxl, dplyr, tidyr, ggplot2, tibble, and patchwork
packages. The results revealed that the ECC value decreased from 0.72 in 2019 to 0.35 in 2025,
representing a 51% reduction in environmental carrying capacity. Furthermore, the analysis
demonstrated that the pressure component was the primary driver of variations in the ECC index,
indicating a greater influence than the state and response components. Therefore, prioritizing
the reduction of pressures at their source, strengthening preventative measures, implementing
continuous monitoring of state indicators, and periodically assessing the effectiveness of
management policies should be emphasized in environmental planning.
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INTRODUCTION

The rapid urbanization, high population density, and pressure from economic and service
activities in metropolises have made the relationship between urban development and the
environment’s capacity to support it a central issue in sustainable urban planning (Tan et al.,
2025). On the one hand, cities are considered centres of production, employment, services,
innovation, and social interactions, and on the other hand, due to the high concentration of
population and activity, increasing resource consumption, waste and wastewater generation,
increased transportation demand, increased air pollution, and fragmentation of green spaces,
they place significant pressure on the urban environment (Ren et al., 2023; Khalili & Nasrabadi,
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2023). This issue is more important in metropolises, where daily travel, the concentration of
services, and the presence of floating populations can also affect the functional and environmental
capacity of urban areas (Parivar et al., 2023). The concept of carrying capacity has been defined
as a fundamental benchmark for analyzing the relationship between human activity and the
environment (Zhang et al., 2024; Ye et al., 2024), and refers to the maximum load that a habitat,
or ecosystem, could withstand before causing irreversible damage or disruption (Li et al., 2022).
Methods for evaluating carrying capacity include principal component analysis (Liu etal.,2018),
fuzzy assessment (Wang et al., 2021), ecological footprint (Mu et al., 2021), system dynamics
modeling (Fang et al., 2017), and Shannon entropy (Cui et al., 2018; Cheng et al., 2020). This
study employed the Pressure-State-Response (PSR) framework, integrated with the Shannon
entropy method, to evaluate the carrying capacity at the district level. The PSR framework has
been used because it is one of the most widely applied frameworks for organizing indicators
(Huang et al., 2011; Sun et al., 2019; Lu et al., 2022; Zhang et al., 2024). However, PSR does
not provide a quantitative mechanism for weighting or aggregating indicators; therefore, the
Shannon entropy method (Shannon, 1948) was incorporated. Shannon Entropy weighting was
chosen because it derives weights objectively from the variability of the collected data during
the study period, minimizing potential bias introduced by expert judgment and enhancing the
reliability of the results (Sadeghitabar et al., 2025; Grausova & Huzvar, 2025). Furthermore,
this study proposed a dual-level weighting mechanism, whereas most studies in this field have
relied on Shannon entropy (Zhang et al., 2019; Sun et al., 2020; Shen et al., 2020; Liao et al.,
2020). At the intra-component level, Shannon entropy was used to objectively assign weights to
indicators within each of the Pressure, State, and Response components. At the inter-component
level, the Analytic Hierarchy Process (AHP) was utilized to assign weights to the three PSR
components. This integrated approach enhances the objectivity and data-driven nature of
entropy weighting for indicator-level discrimination while incorporating expert judgment
through AHP to reflect the relative strategic importance of each component within the district
context. The applicability of the method will be analyzed through a case study in District 6 of
Tehran City, a central district facing challenges such as air pollution, high population density,
and water scarcity (Nazmfar et al., 2025). The main research question in this study is: What
factors influence environmental carrying capacity in District 6 of Tehran City? The second
question is: What efficient and effective responses have been given to improve the state of the
urban environment?

Study area description

District 6 of Tehran City is one of the central districts of the capital, encompassing a mix of
residential, commercial, and cultural zones, covering approximately 21 km? and comprising 14
neighborhoods in an arid climate (Aghaei et al., 2019). According to statistics from the Tehran
City Statistical Yearbooks for 2024, the district’s population was estimated at approximately
268,368 inhabitants (Tehran Municipality, 2024). Green infrastructure encompasses several
major public parks, such as Laleh Park (35 hectares) and Saei Park (12 hectares), and green
space per capita is 13.24 m? (Tehran Municipality, 2024; Azimpour et al., 2026). Evaluating
the carrying capacity in this area can provide a thorough understanding of its strengths and
weaknesses, helping to identify strategies that improve service quality. Fig. 1 shows the location
and land use classification of the study area.

MATERIALS AND METHODS

Indicator system based on PSR framework
The research period was considered to include the years 2019 to 2025. The data required for
the selected indicators were available for this time period, with an acceptable level of continuity,
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Fig. 1. Location and land use classification of District 6, Tehran City

Table 1. Indicator system of environmental carrying capacity based on the PSR framework

Component Indicator Code Unit Type
Population Density Py persons/ km?
CcO P2 ppm -
0O Ps3 ppb -
NO: P4 ppb -
Pressure SO: Ps ppb -
PMaz.s Ps ng/ m3 -
PMio P7 ug/ m3 -
Per capita urban waste production Ps kg/day -
Per capita domestic water consumption Py Liter/day -
Green space per capita Si % +
Days with AQI > 100 Sz % -
State Trip Attraction rate S3 % -
Road links with traffic volumes exceeding capacity S4 % -
Proportion of delay in total travel time Ss % -
Water distribution losses Se % -
Metro stations Ri Number +
Response Households with access to wastewater collection services R % +
Treated wastewater R3 % +
Green space coverage ratio R4 % +

comparability, and accessibility. The selection of indicators was carried out in a multi-stage
process involving 6 experts: three with PhDs in Environmental Planning, and three with PhDs
in Urban Planning (Table 1). The data used in this study were derived from official available
sources, including the Tehran City Statistical Yearbooks and the reports published by the Tehran
Air Quality Control Company (TAQCC). Air quality data, including recorded pollutant values
in the study, were collected from official reports and data published by the TAQCC. As shown
in Fig. 1, to assess the air pollution situation in District 6 of Tehran Municipality, the Tarbiat
Modares Air Quality Monitoring Station (AQMS) was selected because it provided a continuous
and quality-controlled time series for the study period.

Data normalization

Given that the indicators possess different units, they must be converted into dimensionless
values prior to aggregation (Xu & Li, 2025). To this end, the minimum-maximum linear
normalization method (Kim et al., 2025) is employed. For positive or benefit-type indicators,
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equation (1) is utilized:

- xl.j—min(xij)
i _max(xlj)—min(xij) ()

For negative or cost-type indicators, equation (2) is used:

~ max(xij)—xij
" max (xl.j ) —min(xij) @

where xU is the normalized value of j-th indicator, and x, indicates the original value of
indicator j. max (xi].) is the maximum value, and min(xi/.) is the minimum value of the index
in the period 2019 to 2025. After normalization, all indicators fall between 0 and 1. A value
closer to 1 indicates a more favorable situation, and a value closer to 0 indicates a less favorable
situation (Dehghan Manshadi et al., 2023).

Weighting the indicators

After data normalization, the Shannon entropy weighting method was used to determine the
relative importance of the indicators. Shannon entropy method was first introduced by Shannon
(1948) to investigate the disorder and uncertainty of a system. In the first step, F, denotes the
proportion of each indicator (j) in each year (i), and it can be calculated as follows:

F=—, 3)

i:lxif

Where n refers to the number of years in the study. In the second step, the entropy value of
each indicator is calculated using the following equation:

¢ =~KxQ (F, xInF,) @
i=1
Consequently, the weighting value for each indicator is represented as W, and can be
calculated as follows:
d
i m

j
d.

j=1J

)

Spearman correlation and Trend Analyses

Relationship between the ECC index and several pressure and state indicators, analyzed
using Spearman’s rank correlation test (Spearman, 1904). Statistical analyses were performed
using the RStudio. For trend analysis, the Pettitt test (Pettitt, 1979) was applied in RStudio to
detect whether the ECC time series encountered an abrupt change during the study period. In
this study, the statistical significance of this test was evaluated at the 0.05 level. Additionally, the
Mann—Kendall trend test (Mann, 1945; Kendall & Gibbons, 1962) was performed in RStudio to
assess whether the ECC index exhibited a monotonic increasing or decreasing trend over time.
This study also used another nonparametric test, the Sen-Slope test (Sen, 1968), in RStudio
to estimate the trend magnitude and slope. Statistical significance was assessed using the
p-value at the 5% significance level. For data import, preparation, processing, and visualization
in RStudio, various packages were used, including readxl (Wickham & Bryan, 2019), dplyr
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Table 2. Normalized values of the pressure, state, and response indicators

Component Indicator Code 2019 2020 2021 2022 2023 2024 2025
Population Density Py 1 0.852 0.649 0.488 0.337 0.175 0
(6(0) P> 1 0.831 0.727 0.831 0.727 0.727 0
03 P3 0951 1.000 0.725 0.946 0.835 0.753 0
Pressure NO: P4 0.665 0.457 0.630 0.954 1 0.125 0
SO: Ps 0.947 0.807 1 0.518 0.237 0.123 0
PMa.s Ps 1 0.899 0.840 0.407 0.231 0.088 0
PMio P7 1 0.898 0.731 0.655 0.442 0.381 0
Per capita urban waste production Ps 1 0.761 0.522 0.283 0.272 0.120 0
Per capita domestic water consumption Py 0.755 0.673 0.367 0 0.490 0.673 1
Green space per capita Si 0 0.081 0.147 0.728 0.787 0.831 1
Days with AQI > 100 S2 1 0.928 0.619 0.542 0381 0.285 0
Trip Attraction rate S3 1 0.975 0934 0934 0.877 0.025 0
State Road links with traffic volumes exceeding
. S4 1 0.955 0909 0.818 0.818 0.5 0
capacity
Proportion of delay in total travel time Ss 1 0.931 0.862 0.726 0.724 0.686 0
Water distribution losses Se 1 0.655 0.538 0.534 0.352 0.314 0
Metro stations Ri 0 0 025 0.750 0.750 0.75 1
Households w1th' access to wastewater R, 0 0007 0.144 0324 0574 0.768 1
Response collection services
Treated wastewater Rs 0 0.340 0472 0.731 0.886 0.923 1
Green space coverage ratio R4 0 0 0.009 0.702 0.716 0.720 1

(Wickham et al., 2023), tidyr (Wickham et al., 2020), ggplot2 (Wickham, 2016), tibble (Muller
& Wickham, 2019), patchwork (Pedersen, 2021), and stats (Wickham et al., 2020).

RESULT & DISCUSSION

Normalized and Entropy values of PSR indicators

As shown in Table 2, the pressure indicators trended downward. Although the normalized
values of most pressure indicators declined over time, this pattern reflects the cost-type (negative
direction) normalization applied to these indicators. Therefore, the reduction in normalized
values signifies an increase in the original pressure values, demonstrating elevated pressure on
the ECC index from 2019 to 2025. As shown in Fig. 1, a main portion of the land use in District
6 is dedicated to public services (such as offices, universities, and hospitals) and residential
uses. In addition, District 6 provides many employment opportunities; consequently, population
density (P), the travel absorption rate (S,), traffic exceeding the capacity of the district’s roads
(S,), and the proportion of delay to total travel time (S,) have increased over time (Fig. 2).

As shown in Fig. 2, although the number of metro stations (R,) has increased, this has not
reduced the number of road links with traffic volumes exceeding capacity in the district (S,).
Therefore, an upward trend in response indicators over time does not necessarily signify their
effectiveness. As explained in the study area description, this district is located in an arid climate,
and increasing water distribution losses (S), while the population density (P)) is also increasing
over time, have significant effects on the ECC index.

As shown in Table 3, the entropy values for the pressure component ranged from 0.72 to 0.92,
resulting in indicator weights between 0.06 and 0.20. Per capita domestic water consumption
received the highest pressure weight (0.20), followed by PM, . (0.14) and per capita urban
waste production (0.13). This pattern indicates a greater dispersion of normalized values for
domestic water consumption, as evidenced by an entropy of 0.72 and a divergence coefficient
of 0.28, compared to 0.81 and 0.19, respectively, for PM, ..

As shown in Table 4, the result of the pressure component reveals that the value of the
aggregate index Pi has decreased from 0.91 to 0.20 during the period from 2019 to 2025.
Given that the indicators with a negative direction, including population density and other
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Fig. 2. Radar charts of normalized values: (a) Pressure indicators, (b) State indicators, and (c) Response indicators

Table 3. Entropy values (¢,), dispersion degree (d), and final intra-component weight (W) of the pressure-state-response
framework indicators

Component Indicator € d; W,
Population Density 0.86 0.14 0.10
CcO 0.92 0.08 0.06
Os 0.92 0.08 0.06
NO: 0.85 0.15 0.10
Pressure SO: 0.83 0.17 0.12
PM..s 0.81 0.19 0.14
PMio 0.89 0.11 0.08
Per capita urban waste production 0.82 0.18 0.13
Per capita domestic water consumption 0.72 0.28 0.20
Green space per capita 0.81 0.19 0.25
Days with AQI > 100 0.87 0.13 0.16
State Trip Attraction rate 0.84 0.16 0.21
Road links with traffic volumes exceeding capacity 0.91 0.09 0.12
Proportion of delay in total travel time 0.92 0.08 0.11
Water distribution losses 0.88 0.12 0.15
Metro stations 0.79 0.21 0.25
Response Households with access to wastewater collection services 0.76 0.24 0.28
Treated wastewater 0.89 0.11 0.13
Green space coverage ratio 0.71 0.29 0.34

indicators of this component, are normalized using an inverse relationship, the decrease in
the value of Pi should not be interpreted as a decrease in pressure. Therefore, the downward
trend of Pi indicates that the conditions are becoming more unfavorable and the pressure on the
environment is increasing (see 1- Pi column).
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Table 4. Temporal variations in the normalized pressure, state, and response scores from 2019 to 2025

Year Pi 1- Pi Si 1-Si Ri
2019 0.91 0.09 0.75 0.25 0
2020 0.77 0.23 0.69 0.31 0.05
2021 0.66 0.34 0.61 0.39 0.17
2022 0.46 0.54 0.72 0.28 0.61
2023 0.46 0.54 0.67 0.33 0.71
2024 0.33 0.67 0.44 0.56 0.77
2025 0.20 0.80 0.25 0.75 1

Table 5. AHP-derived weights and relative contributions of the pressure, state, and response components

Component AHP weight Proportion (%)
Pressure 0.54 53.96
State 0.30 29.70
Response 0.16 16.34
1.0 Mann-Kendall: tau =-0.952; p=<0.001

Scn slope: -0.0560 per year
Pettitt: K=12; p=0.057
Change point: 2023 (2022-2023)

0.8

ECC

0.6

0.4

2009 2020 2021 2022 2023 2024 2025

Year

Fig. 3. Temporal trends and change point detection in ECC from 2019 to 2025

AHP weights and trend analysis of the ECC index

The results of the Analytic Hierarchy Process (AHP) presented in Table 5 indicate that the
pressure component was identified as the most significant component of the PSR framework,
with a weight of 0.5396 (53.96%). The value of A was 3.0092, resulting in a CI of 0.0046
and a CR 0f 0.0079 (0.79%). Since the CR value was below the standard threshold of 0.10, the
collective judgments were deemed highly consistent, and the derived weights were consequently
retained for subsequent analysis.

As shown in Fig. 3, Kendall’s tau (t = -0.952) indicates a downward trend, while the
magnitude close to 1 signifies that nearly all data decrease consistently over time. The result
was highly statistically significant (p < 0.001); accordingly, the null hypothesis of no trend is
rejected. The estimated Sen’s slope was —0.056, indicating that the ECC index decreased by
approximately 0.056 units per time step. In addition, the Pettitt test identifies 2023 as the most
likely change point.

Correlation Analysis

As shown in Table 6, Spearman’s rank correlation showed a significant negative correlation
between the eight selected indicators and the ECC index. Population density, PM, ,, PM ,
CO, per capita urban waste production, and days with AQI above 100 showed a very strong
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Table 6. Results of Spearman’s rank correlation analysis from 2019 to 2025

Indicator rs -Value p -Value Meaning
Population density -0.99 <0.001 A very strong correlation
CO -0.92 0.0038 A very strong correlation
Os -0.81 0.0269 A strong correlation
SO: -0.85 0.0162 A strong correlation
PMa.s -0.99 <0.001 A very strong correlation
PMio -0.99 <0.001 A very strong correlation
Per capita urban waste production -0.99 <0.001 A very strong correlation
Days with AQI > 100 -0.99 <0.001 A very strong correlation
Mann—Kendall: tan =1.238; p=10.562 60 Mann—Kendall: tau = 1400 p = <0001
Sen slope: 1,2520 per vear Sen slope: 3.5920 per vear
Pettiv: K=10; p = 0.28% Pettict: K =12; p=0.100
Change point: 2024 (2023-2024) Change point: 2022 (2021-2022)
60 Si
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Fig. 4. Temporal trends and change point detection in pressure indicators from 2019 to 2025

correlation with ECC. Additionally, O and SO, showed a strong negative relationship, with r -
values of -0.81 and -0.85, respectively.

The findings of the current study demonstrate that an increase in the response component
score does not necessarily indicate the effectiveness of policy actions. Furthermore, in this
district, although management measures increased, the steady intensity of pressures from
human activities continues to hinder a proportional improvement in the ECC index. The
comparison of the original values of pressure indicators against an international benchmark
emphasizes the significance of these trends. In 2025, the annual mean concentrations of PM2.5
(P,) and PM10 (P.) of this district were 42.8 and 117.53 pg/m’, respectively (Fig. 4). These
values substantially exceeded the 2021 WHO global air quality guidelines values (World Health
Organization, 2021) of 5 pg/m? for PM2.5 and 15 pg/m? for PM 10, indicating approximately 8.6
and 7.8 times higher, respectively, and the annual mean NO: (P,) concentration was 56.02 ppb,
approximately 10.5 times the WHO annual guideline of 10 pg/m? (World Health Organization,
2021). Additionally, per capita domestic water consumption (P,) decreased from 244 litres per



1193 Pollution 2026, 12(4): 1185-1198

Frequency
40 60 80

20
1

l T T 1
0.2 0.4 0.6 0.8

Simulated ECC Values

Fig. 5. Monte Carlo simulation of the ECC index

capita per day in 2022 to 195 litres per capita per day in 2025, a 20.1% reduction from its 2022
value. Nevertheless, the 2025 value in this district is approximately twice the upper limit of the
50-100 litres per capita per day range considered adequate for basic domestic needs (Howard et
al., 2003; Howard et al., 2020).

The observed pattern in this study is consistent with the results of Hu et al. (2021). They also,
using the PSR framework, confirmed that improvements in policy responses should be interpreted
in relation to their ability to control pressures and improve the state of the environment. In
other words, the number of projects or allocated budgets alone is not a sufficient criterion for
assessing the policy actions and response. Moreover, the results of this study showed that per
capita domestic water consumption is one of the most significant pressure indicators influencing
environmental carrying capacity in District 6 of Tehran City. The findings of this study are
consistent with studies conducted in Iran and Tehran City. Dehghan Manshadi et al. (2024),
using a system dynamics model, showed that if the current trend in water resource consumption
continues in Tehran City as an arid and semi-arid region, water sustainability index will decline
sharply after 2026, and the urban carrying capacity to meet its water needs will be severely
constrained. Dehghan Manshadi and Faryadi (2025), Parivar et al. (2023) and Parivar et al.
(2021) demonstrated that in arid and semi-arid regions such as Yazd City with fragile ecosystem,
water resources act as slow variables. These variable changes are gradual yet play a decisive role
in maintaining the system’s capacity and function. A significant feature of slow variables is that
their shifts are often not apparent until they reach a critical threshold. Regarding the location of
District 6 of Tehran City in an arid and semi-arid climate, limited renewable water resources,
increasing demand driven by population growth and urban development, the gradual decline in
surface and groundwater resources, and high per capita water consumption, water consumption
management should be a main priority in urban policymaking (Tayebi et al., 2022; Barati et
al., 2023; Zargari et al., 2025; Azimpour et al., 2026). In this regard, the implementation of
demand management policies, the reform of the tariff system, the development of consumption-
reducing equipment, the reuse of greywater, the minimization of water distribution losses, and
the enhancement of public awareness regarding appropriate water consumption patterns can
more effectively mitigate environmental pressures and enhance carrying capacity (Al Khoury
etal., 2023; Bak & Zaba, 2024).

On the other hand, the results of this study showed that air quality is also one of the most
important factors affecting the reduction of environmental carrying capacity in District 6 of
Tehran City. Air pollution has been one of the most serious environmental issues in Tehran City
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for years, with widespread consequences for citizens’ health, quality of life, and environmental
sustainability (Naddafi et al., 2012; Bayat et al., 2019; Khoshakhlagh et al., 2023). Therefore,
the results of this study are also consistent with findings from previous studies, such as Kazhal
et al. (2020), Mousavi Fard et al. (2021), and Anbari et al. (2025), that have identified air
pollution, especially PM2.5 and PM10, as an important environmental challenge in Tehran
City. This situation not only threatens public health but also signals a decline in the ECC’s
ability to absorb pollutants.

Monte Carlo uncertainty analysis of the ECC values

As shown in Fig. 5, the histogram of the ECC index shows an approximately normal,
unimodal distribution, with simulated values clustering around the estimated mean. The lack
of pronounced skewness indicates that the uncertainty in the ECC values is relatively balanced
around the central value, rather than being influenced by extremely low or high results.

CONCLUSIONS

This study aimed to assess trends in environmental carrying capacity using the pressure-
state-response framework and a combination of entropy and the analytic hierarchy process.
The results showed that environmental pressures increased from 2019 to 2025, and although
the response component increased, the environmental carrying capacity index decreased from
0.72 to 0.35. This finding indicates that the measures taken, although significant, were still
insufficient in intensity, timing, or scope to improve the environmental state. In other words,
the response policies have moved more towards managing the consequences, while controlling
the factors causing the pressure requires more attention. The 53.96% weight of the pressure
component also confirms the importance of this issue. In a situation where pressures are rising,
increasing response measures alone cannot ensure environmental sustainability. Therefore,
the priority of policymaking should shift from purely compensatory responses to preventive
measures that reduce pressures at the source and manage driving factors. The trend of the
state component also showed that the environmental response to pressures is not necessarily
immediate and linear. The system’s resilience could influence the temporary improvement in
the condition in 2022, positive changes in the condition index, management actions, or time
lags in the emergence of consequences. However, the sharp decline in the index in 2024 and
2025 indicates that this temporary improvement has not become a sustainable trend. Overall,
the research findings indicate that continuing the current trend could further limit the system’s
capacity to absorb new pressures. Therefore, the development of environmental management
plans should focus on reducing the main pressures, strengthening the effectiveness of responses,
continuously monitoring the condition indicators, and periodically assessing the ECC. According
to the research results, controlling the main environmental pressures should be prioritized in
management plans. Since the pressure component has the largest share in the calculation of
ECC, it is necessary to identify pressure indicators with higher weights, especially per capita
domestic water consumption, and design targeted interventions to reduce them. Several studies,
such as Al Khoury et al. (2023) and Bak and Zaba (2024), have shown that policy actions,
including the installation of smart water meters, the implementation of increasing-block water
tariffs, the promotion of water-efficient fixtures and appliances through financial incentives and
building regulations, and public awareness, can help to control water consumption.

LIMITATIONS

This study has several limitations. First, the ECC evaluation was conducted at the district
scale because consistent, reliable neighborhood-scale data were not available for indicators over
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time. Second, because data from other air quality monitoring stations were inconsistent during
the study years, only one station, Tarbiat Modares, was selected. Therefore, it is suggested
that future studies use data from multiple air quality monitoring stations. Moreover, future
studies should consider smaller spatial scales, such as the neighborhood scale, to examine
both spatial and temporal dynamics. Furthermore, in urban systems, ecological, social, and
economic subsystems interact continuously and affect the ECC. Accordingly, especially in Iran,
which faces economic damage from the war and economic sanctions, future studies should also
examine economic pressures with the inflation rate, the consumer price index, GDP, and other
relevant indicators to propose a comprehensive evaluation of ECC.
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