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We deeply appreciate the detailed and constructive comments provided by the three 

anonymous reviewers. Following their suggestions and comments, we have extensively 

revised the manuscript and provided a point-to-point response to each comment. The 

original comments are in bold font, our response is in regular font, and the changes in 

the text are in blue. 

 

Comment 1 

 

This paper introduces CHANS-SD-YRB v1.0, a system dynamics CHANS model 

of the Yellow River Basin and operates at provincial (human processes) and sub-

basin (natural processes) scales. The manuscript reads well and a supplement with 

more elaborate model descriptions. By coupling the human and natural processes 

within a regional CHANS framework, this model description paper lays the 

foundations for policy-oriented modelling for the Yellow River Basin. Overall, the 

model is an ambitious synthesis, but several methodological choices and 

transparency gaps need some tightening. Find my specific comments and 

suggestions below. 

Response: Thank you for taking your time to carefully review our study and providing 

insightful and constructive comments. Following the suggestions and comments, we 

have extensively revised the manuscript. 

 

1. Introduction 

The first two paragraphs of the introduction goes back and forth between regional 

and global CHANS research and modelling, which breaks the flow and is a little 

disorientating. It would be clearer if CHANS research and modelling is first 

introduced more generally. After introducing the main models, I suggest that the 

authors identify the overrepresentation of global scale CHANS models. And then 

bring in the distinction and need for more regional scale modelling, which situates 

this work within. 
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Response：Thank you for the comments on organizing the introduction. We have 

reorganized the first two paragraphs following suggestions. The revised texts are shown 

below: 

Coupled human and natural systems (CHANS) emphasize the reciprocal feedback 

and co-evolution between human and natural systems, offering an integrated framework 

for diagnosing complex problems and guiding sustainable development (Fu and Li, 

2016). By capturing dynamic interactions of interconnected components, CHANS 

theories and models enable more effective policies and interventions that align 

ecological integrity with socioeconomic progress (Motesharrei et al., 2016; Verburg et 

al., 2016). Numerous integrated modelling approaches have been developed to simulate 

human–natural interactions at the global scale. These include system dynamics-based 

integrated assessment models (IAMs), such as ANEMI (Breach and Simonovic, 2021), 

FeliX (Rydzak et al., 2013; Ye et al., 2024), and FRIDA (Rajah et al., 2025), process-

based and optimization-based IAMs (Vaidyanathan, 2021), and Earth system models 

with synchronously coupled human components, such as E3SM-GCAM (Di Vittorio et 

al., 2025) and integrated Earth system models (iESMs) (Jain et al., 2022). These models 

effectively characterize human–natural interactions at the global scale, and have been 

applied to assess the impacts of climate change on human society (e.g., agriculture 

(Monier et al., 2018), economic damage (Wang et al., 2020), fatalities increase and 

welfare loss (Dottori et al., 2018)), and humans’ feedback on the Earth system, such as 

those from climate mitigation on water and food security (Cheng et al., 2022; Fujimori 

et al., 2022).  

Currently, most CHANS models are at the global scale (Calvin and Bond-

Lamberty, 2018) with much fewer regional models. While global modeling research 

has deepened our knowledge of dynamic feedbacks among Earth’s spheres and system 

evolution under climate change, sustainability challenges often manifest at regional 

scales, where social and ecological dynamics are more intricately intertwined (Liu et 

al., 2007). Compared to global CHANS, regional CHANS are open systems that 

continuously exchange energy and materials with other regions and the global system, 
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e.g., water resources and electricity transfers (Dobbs et al., 2023; Zhang et al., 2022) 

and trade (Ristaino et al., 2021), resulting in pericoupling and telecoupling of different 

systems (Liu, 2017). Besides, regional CHANS are shaped by more immediate and 

complex human influences and stressors, such as urban expansion (van Vliet, 2019), 

ecological protection (Xu et al., 2017; Yang et al., 2022), and water resource regulation 

policies (diversion and allocation) (Song et al., 2024), which alter regional CHANS 

dynamics. Due to their diverse ecological and socioeconomic resilience, regional 

CHANS exhibit heterogeneous responses to external weather events and climate 

change, as evidenced by differing responses in crop yield (Hasegawa et al., 2021) and 

economic production to extreme heat and warming (Waidelich et al., 2024a). 

Furthermore, the coarse spatiotemporal resolution of global models limits their capacity 

to support effective decision-making for regional development (X. Li et al., 2018). As 

such, advancing regional CHANS modeling is essential for informing adaptive 

strategies in the face of growing regional environmental and societal pressures. 

 

L66-69: The sentence on CHANS theories and models applies to both regional and 

global scale. I suggest moving this above, prior to the delineation between global 

vs. regional CHANS models for a better flow. 

Response：Thanks! This is a very good suggestion. We moved the CHANS theory and 

method sentences before the introduction of the global model. The revised paragraph 

reads much better: 

Coupled human and natural systems (CHANS) emphasize the reciprocal feedback and 

co-evolution between human and natural systems, offering an integrated framework for 

diagnosing complex problems and guiding sustainable development (Fu and Li, 2016). 

By capturing dynamic interactions of interconnected components, CHANS theories and 

models enable more effective policies and interventions that align ecological integrity 

with socioeconomic progress (Motesharrei et al., 2016; Verburg et al., 2016). Numerous 

integrated modelling approaches have been developed to simulate human–natural 

interactions at the global scale. 
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L70-71: I suggest rephrasing it as “growing regional environmental and societal 

pressures” 

Response：This is excellent suggestion! Thank you for the comments. 

We have rephrased it. The revised texts are shown below: 

As such, advancing regional CHANS modeling is essential for informing adaptive 

strategies in the face of growing regional environmental and societal pressures. 

 

L75-81: The sentence mixes model classes (e.g. IAMs, iESMs) and specific 

methodologies (e.g., system dynamics), which makes it slightly misleading – since 

the SD models can also be considered IAMs. I recommend revising this sentence 

to clearly distinguish model classes from methodologies and examples. 

Response：We sincerely appreciate your suggestions and the specific examples of 

revisions provided. We have incorporated these valuable suggestions into the revised 

manuscript to improve the clarity of our argument. 

The revised texts are shown below: 

These include system dynamics-based integrated assessment models (IAMs), such as 

ANEMI (Breach and Simonovic, 2021), FeliX (Rydzak et al., 2013; Ye et al., 2024), 

and FRIDA (Rajah et al., 2025), process-based and optimization-based IAMs 

(Vaidyanathan, 2021), and Earth system models with synchronously coupled human 

components, such as E3SM-GCAM (Di Vittorio et al., 2025) and integrated Earth 

system models (iESMs) (Jain et al., 2022). 

 

2. Model description 

L162: The citation provided for the sentence is a model description paper of a 

specific SD model. Given that the sentence is on SD method more generally, I 

would suggest references to more foundational works (e.g., Forrester, 1968; 

Richardson, 2011) 

1. Forrester, J. W.: Principles of systems, Pegasus Communications, Inc., 

Waltham, MA, 1968. 
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2. Richardson, G. P.: Reflections on the foundations of system dynamics: 

Foundations of System Dynamics, Syst. Dyn. Rev., 27, 219–243, 

https://doi.org/10.1002/sdr.462, 2011. 

Response：Thank you for recommending these classic works. We have already added 

them as references in our manuscript. 

The revised texts are shown below: 

We developed the CHANS-SD-YRB based on system dynamics, a method well-suited 

for capturing complex system behaviors characterized by nonlinearity, multi-level 

structures, and feedback loops (Forrester, 1968; Richardson, 2011). 

 

2.2.1 Population 

In Figure 3, the only direct cross-sectoral feedback is between the Economy and 

Population, through life expectancy. Total fertility is kept exogenous to the model, 

yet in most SD models fertility rate tends to be endogenized with a function from 

GDP per capita – assumption being that fertility rate is negatively correlated with 

higher literacy levels and access to contraceptives etc. What is the justification for 

excluding this relationship in the model? 

Response：We appreciate the reviewer for highlighting this critical issue. We have taken 

this opportunity to provide further clarification regarding the fertility rate setting. 

We agree that in general SD models, fertility rates are often endogenized as a function 

of GDP per capita, reflecting the declining fertility rate following economy growth and 

education improvement. 

However, in China, government policy has historically played a dominant role in 

regulating trajectory of population growth. The strict implementation of the Family 

Planning Policy (particularly the One-Child Policy) significantly altered fertility trends, 

making them deviating from those of economic indicators than in other countries. In 

this specific context, modeling fertility solely based on GDP would fail to capture these 

strong policy-driven constraints. Therefore, to reflect the policy influence and ensure 

the accuracy of the simulation, we treated the Total Fertility Rate (TFR) as an 
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exogenous variable based on historical data and policy targets, rather than endogenizing 

it through economic feedback loops. By designing a scenario where fertility rates 

respond dynamically to economic conditions, the model can evaluate the impact of 

family planning policies. 

We have clarified this justification in Section 2.2.1 of the revised manuscript. The 

revised texts are shown below: 

Population dynamics are driven by births, deaths, and migration (Fig. 3). Births are 

calculated based on exogenous total fertility rates derived from historical data (Equation 

S2) to reflect the strong influence of China's Family Planning Policy. 

 

Migration rate is also depicted as an exogenous input to the model. In the model, 

this appears to be an endogenous variable as a function of GDP difference between 

national and YSB, which scales the exogenous parameter, migration rate other 

effects. Also, the migration rate other effects is a time-dependent parameter 

(lookup table) that increases migration slightly between 2000 and 2005, sharp rise 

by 2010, and then a decline by 2015. Thereafter, this parameter is held constant. 

How was this determined? How does this affect future projections of migration? 

The modelling choices and assumptions here should be clearly documented in the 

model description. 

Response：Thank you for pointing out this important issue in the model. 

The reviewer is correct that migration is modeled as an endogenous variable driven by 

GDP disparities; however, an exogenous parameter, "Migration Rate Other Effects," 

was introduced to calibrate the model against historical data to account for the effect of 

other non-economic factors (e.g., policy changes or social networks) not explicitly 

captured by the GDP function. This approach ensures that the model reproduces 

historical trends accurately. Since actual migration data is reported every five years 

(starting from 2000), this calibration factor is for each five-year, and VENSIM 

automatically applies linear interpolation to generate a continuous yearly time series.  

This parameter is held constant after 2015, assuming that the magnitude of non-
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economic effects on migration remains at the most recent level, preventing arbitrary 

fluctuations in future projections.  

Since there are many similar parameters in the model, for the future scenario, we 

clarified in section 3.2.1 that with the exception of variables specifically adjusted for 

future scenario settings (file exogenous time-varying inputs.xlsx), all other parameters 

are held constant at their most recent historical levels as: 

For future projections, variables or parameters not specified in the table are held 

constant at historical levels from their most recent year. 

 

L237-238: Births, deaths, and migration are “determined by a series of social and 

economic factors” is very vague. What and how are these factors conceptualised 

and represented in the model? Given that life expectancy is endogenous and part 

of the key inter-sectoral feedback, I would expect more descriptions of how life 

expectancy is modelled. 

Response：Thank you for the comments. 

We apologize for vague description in the original manuscript without referencing to 

the detailed mathematical descriptions for birth, death, and migration in the Supporting 

Information Section S2.1. 

In the population sector, births are derived from exogenous fertility rates. Regarding 

life expectancy, it is endogenously modeled based on the Human Well-being Index. 

This index serves as a proxy for living standards and is computed using GDP per capita 

and years of schooling. Migration is driven by economic disparities represented by GDP 

per capita between the YRB and the national average level. 

In the revised manuscript, we have explained the specific mechanisms driving 

population dynamics to improve clarity. The revised texts are shown below: 

Population dynamics are driven by births, deaths, and migration (Fig. 3). Births are 

calculated based on exogenous total fertility rates derived from historical data (Equation 

S2) to reflect the strong influence of China's Family Planning Policy. Deaths are 

determined by the life expectancy, which is modeled as a function of human well-being 
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(Equations S3-S6). Migration is calculated based on historical statistical data and per 

capita GDP differences between YRB and the national average level (Equations S7-S8). 

 

2.2.2. Economy 

L267-268: Capital elasticities are obtained from T21-China model. Given that they 

are time-varying, it would useful for readers to understand the assumptions in that 

model for deriving the shape. The lookup table stops at 2020. Is the parameter 

value then held constant for future projections? If so, is that a valid assumption 

for projecting future production? 

Response：Thank you for the comments. 

The capital elasticities in our model were originally based on the T21-China model but 

were modified and calibrated against historical data. The time-varying shape reflects 

China's economic structural transformation. For future projections (after 2020), the 

parameters were held constant at the 2020 the value. We consider this a valid and robust 

choice to avoid the high uncertainty associated with unpredictable changes in 

production technology over the long term.  

We have revised the text to be more accurate: 

αs and 1-αs are capital and labor elasticities from T21-China (Qu et al., 2020) and 

calibrated using historical data; 

 

L264: TFP is an important yet endogenous variable in the model, which should 

also be documented as an equation in the manuscript given that it includes several 

effects (infrastructure, education, health). The elasticities for these effects, unlike 

labour and capital, are constant parameters in the model. How were these 

elasticities determined? Education (avg years of schooling) is derived from census 

yearbooks for the historical period, but what is the strategy for future projections? 

Infrastructure is also an exogenous variable, however, the data and its source does 

not seem to be documented in the manuscript or the supplement. 

Response：Thank you for the comments. Our response to each point is as follows: 
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TFP equations: Due to space limit in the main text (we can only list a few equations for 

each sector), the detailed mathematical formulation of TFP (including the effects of 

infrastructure, education, and health) is provided in the Supporting Information (Sector 

S2.2 Equations S10-S12). We have now added a clear citation in the manuscript Section 

2.2 to explicitly direct readers to these equations. The revised texts are shown below: 

TFPs is the total factor productivity calculated from exogenous (infrastructure, 

education, and elasticity) and endogenous variables (health and labor force) (Equations 

S10-S12); 

Elasticities: The elasticities for infrastructure, education, and health were adopted 

directly from the T21-China model (Qu et al., 2020). Given the robust validation of the 

T21-China model in simulating national-scale development dynamics, we directly used 

these parameter values without localization given the lack of specific regional 

coefficients for these long-term structural factors. The explanation has been added in 

the revised Supporting Information as: 

Owing to data limitations at the regional scale, both the infrastructure variables and the 

TFP elasticities are directly taken from the T21-China model (Qu et al., 2020). 

Future projections for Education: For the projection of average years of schooling, there 

is an upper limit, so we employed a growth strategy with saturation. The saturation level 

(peak) was set based on the highest value observed globally in 2023 from Germany. 

The variable grows according to the annual growth rates specified in China's national 

planning documents until it reaches this peak, after which it is assumed to remain 

constant. This projection process is explained in the revised Supporting Information 

Sector S6 as: 

The average years of schooling for the Yellow River Basin was projected based on 

targets outlined in China's Five-Year Plan. Since the average years of schooling has an 

upper limit, the maximum value was set to the highest reported in 2023 for Germany 

(14.3 years, data from https://ourworldindata.org/grapher/average-years-of-schooling). 

Specifically, we assumed that all nine provinces would meet the national target of 11.3 

years by 2025 as outlined in the 14th Five-Year Plan. For years after 2025, the average 
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years of schooling was set to increase at an annual rate of 0.114 years (equivalent to 

0.57 years per five-year period) until the upper limit is reached. 

Infrastructure data: The infrastructure density data was also sourced from the T21-

China model. This data was not localized due to the lack of consistent, long-term 

historical time series for the YRB region. In the revised Supporting Information, we 

have now explicitly clarified this data source and the rationale for using the T21-China 

dataset as a proxy. The revised texts are shown below: 

 𝐼𝑛𝑓𝑒𝑓𝑓 = (
𝐼𝐹𝐷

𝐼𝑛𝑖𝐼𝐹𝐷
)

𝜖3
  (S13) 

Infeff represents the effect of infrastructure on total factor productivity, IFD is the 

infrastructure density, with initial value from IniIFD; ϵ1 , ϵ2 and ϵ3 are the elasticities of 

TFP to education and health. Owing to data limitations at the regional scale, both the 

infrastructure variables and the TFP elasticities are directly taken from the T21-China 

model (Qu et al., 2020). 

 

L270: Crop and livestock prices are exogenous inputs from China statistical 

yearbook up to 2020. Are prices then held constant for the future period? 

Response：Thank you for the comments. 

Yes, all prices in the model are held constant for the future projections. Given the 

inherent unpredictability and stochastic nature of agricultural market prices, we 

assumed they remain at the 2020 level. This is a standard assumption in long-term 

simulation models to avoid introducing arbitrary assumptions about future market 

trends. 

 

Within the Economy sector of the model, there is internal feedback between GDP 

and the Capital stocks through private and government savings as a fraction of 

GDP. I recommend including this link in Figure 3 with a brief description in the 

manuscript. Currently, in the supplement, the formulations surrounding private 

and governmental investments are not fully described. There are several lookup 

tables here (e.g., investment share tables, saving share of income table), which 
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would benefit from some elaboration in the supplement at the very least. 

Response：We apologize for the omission of these critical details in the previous version. 

We have corrected this by updating Figure 4 to visualize this feedback loop (see below): 

 

Fig. 1 (Fig. 4) Structure of the Economy sector. Blue lines indicate connections inside 

the sector, red dotted lines indicate connections with other sectors. 

Furthermore, we have added the complete mathematical derivations for the investment 

significantly in the revised Supporting Information, as shown below: 

The Invests is calculated as  

 𝐼𝑛𝑣𝑒𝑠𝑡𝑠 = 𝐼𝑛𝑣𝑒𝑠𝑡𝑡𝑜𝑡𝑎𝑙 × 𝐼𝑛𝑣𝑒𝑠𝑡𝑆ℎ𝑎𝑟𝑒𝑠  (S14) 

where Investtotal is the total investment, InvestShares is the investment share of each 

industry type. 

Total investment (Investtotal) includes private investment (Investprivate) and 

government investment (Investgovern): 

 𝐼𝑛𝑣𝑒𝑠𝑡𝑡𝑜𝑡𝑎𝑙 =  𝐼𝑛𝑣𝑒𝑠𝑡𝑝𝑟𝑖𝑣𝑎𝑡𝑒 + 𝐼𝑛𝑣𝑒𝑠𝑡𝑔𝑜𝑣𝑒𝑟𝑛  (S15) 

 𝐼𝑛𝑣𝑒𝑠𝑡𝑝𝑟𝑖𝑣𝑎𝑡𝑒 =  ∑ 𝐺𝐷𝑃𝑠
3
𝑠=1 × 𝑆ℎ𝑎𝑟𝑒𝐷𝑖𝑠𝐼𝑛𝑐 × 𝑆ℎ𝑎𝑟𝑒𝑠𝑎𝑣𝑖𝑛𝑔  (S16) 

 𝐼𝑛𝑣𝑒𝑠𝑡𝑔𝑜𝑣𝑒𝑟𝑛 = (∑ 𝐺𝐷𝑃𝑠)3
𝑠=1 × 𝑆ℎ𝑎𝑟𝑒𝐺𝑜𝑣𝐸𝑥𝑝 × 𝑆ℎ𝑎𝑟𝑒𝑊𝑖𝑡ℎ𝑜𝑢𝑡𝐼𝑛𝑡 × 𝑆ℎ𝑎𝑟𝑒𝐺𝑜𝑣𝐼𝑛𝑣

 (S17) 
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where ShareDisInc is the ratio of disposable income to the total GDP (∑ 𝐺𝐷𝑃𝑠
3
𝑠=1 ), 

from the China Statistical Yearbook (NBSC, 2020c), Sharesaving is the ratio of savings 

to disposable income, from T21-China model (Qu et al., 2020); ShareGovExp is the ratio 

of government expenditure to the total GDP, from the China Statistical Yearbook 

(NBSC, 2020c), ShareWithoutInt is the ratio of government expenditure without interest 

to the government expenditure, ShareGovInv is the ratio of government investment to the 

government expenditure without interest, both from T21-China model (Qu et al., 2020). 

 

2.2.3. Energy 

Most of the endogenous variables in the energy sector are formulated as linear 

functions of GDP per capita. Though this was simply stated as such in the 

manuscript and supplement, there is no justification as to why linear relationships 

were chosen. More concerning, is the use of IF THEN ELSE functions to specify 

two different sets of constants and slopes before and after 2010 within a few of 

these relationships. These assumptions are not documented either. 

Response：Thank you for the comments. 

The choice of linear functions was driven by empirical analysis of historical data. Our 

regression results demonstrated that linear models provided the best fit for the 

relationship between energy consumption and economic indicators. Residential 

electricity consumption showed a strong linear correlation with GDP per capita. Fossil 

fuel consumption (coal, oil, gas) was linearly correlated with sectoral GDP. 

The historical data showed a distinct structural change around 2010, reflecting a shift 

in China's socio-economic development and energy policies (e.g., improved energy 

efficiency and industrial restructuring). Consequently, the slope of these linear 

relationships changed significantly after 2010. To accurately capture this regime shift, 

we employed a piecewise linear regression approach (implemented via IF THEN ELSE 

logic), fitting separate coefficients for the pre-2010 and post-2010 periods. This 

approach significantly improved the model's historical accuracy compared to a single 

continuous function.  
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We have clarified these assumptions in the revised Supporting Information Section S2.3. 

The revised texts are shown below: 

ParaIC and ConstIC represent the slope and intercept derived from the linear fit of 

historical industry GDP and coal consumption. Similarly, ParaISO, ConstISO and ParaISG, 

ConstISG denote the corresponding parameters for oil and gas, respectively. Notably, 

these parameters were estimated using a piecewise linear regression with distinct 

coefficients for the pre- and post-2010 periods to capture the structural changes around 

2010 driven by socio-economic shifts. 

 

2.2.4. Food 

L293-297: Per capita meat demand is derived from a nonlinear regression of GDP 

per capita and historical per capita production. In the model, there is an IF THEN 

ELSE function which specifies a different relationship for time 1981. Why is that 

so? 

Response：Thank you for the comments. 

The year 1981 serves as the initial simulation year of the model. The IF THEN ELSE 

function is to provide the initial value for per capita meat demand. This choice is purely 

a technical reason under VENSIM. 

In the model, a circular dependency exists within a single time step: per capita GDP 

influences per capita meat demand, and meat demand determines meat production 

(assuming supply equals demand historically), agriculture output, and therefore total 

GDP, which, in turn, calculates per capita GDP. 

Since these variables influence each other simultaneously, VENSIM identifies this as a 

simultaneous equation loop. Without a defined initial state, the software cannot resolve 

the loop for the first time step (1981) and triggers a computation error. Therefore, the 

function explicitly assigns an initial value to per capita meat demand at Time = 1981 

based on historical data. This breaks the circular loop at the start of the simulation, 

allowing the endogenous feedback calculations to proceed correctly for all subsequent 

years. 
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L303-305: Crop yields are influenced by precipitation, temperature and CO2 

concentration from the Climate sector with a reference to the supplement. The 

supplement, however, does not describe the influence of CO2 concentrations. 

There is also a mismatch between the model and the supplement creating 

confusions. In the model, there are two different variables: ‘YRB food production’ 

and ‘province crop production’ determined by ‘province yield’ and ‘province yield 

future’ respectively. Precipitation and temperature influences only ‘province yield’ 

whereas CO2 concentration influences ‘province yield future’. The supplement 

does not sufficiently describe this formulations for me to understand the 

conceptualization here. Please clarify. 

Response：We apologize for the confusion caused by the variable naming inconsistency 

and the incomplete description in the Supporting Information. 

Province Yield represents historical yield in each province, derived from historical 

regression models, driven by fertilizer use, temperature, and precipitation. It serves as 

the baseline yield for the historical period (1981–2020) and the foundation for future 

projections. Province Yield Future represents the final yield for the future (2021–2100) 

after incorporating the CO2 fertilization effect.  

Historical yield trends are driven by climate and management factors while CO2 played 

a relatively minor role compared to the dominant technological such as fertilizer. 

Therefore, the specific contribution of CO₂ was not isolated in historical yield 

simulation. However, for future scenarios, atmospheric CO2 concentrations diverge 

significantly from historical trends and become more important factor for yield. To 

capture this, we introduce an explicit CO2 fertilization factor for future crop yield 

projection. 

We have updated the Supporting Information Section S2.4 to explicitly describe this 

formulation. The revised texts are shown below: 

Since the future crop yield (YieldFutc) is increasingly affected by CO2 fertilization, 

the CO2 fertilization effect is explicitly modeled with distinction between C3 and C4 

crops. The YieldFutc is calculated as: 
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 𝑌𝑖𝑒𝑙𝑑𝐹𝑢𝑡𝑐 = {
1 + (0.000964 × (𝐶𝑂2 − 413.2) × 𝑌𝑖𝑒𝑙𝑑𝑐 , 𝑐 = 𝑜𝑡ℎ𝑒𝑟 𝑐𝑟𝑜𝑝𝑠

1 + (0.0000545 × (𝐶𝑂2 − 413.2) × 𝑌𝑖𝑒𝑙𝑑𝑐 , 𝑐 = 𝑚𝑎𝑖𝑧𝑒
 

 (S35) 

where 0.000964%/ppm is the CO2 fertilization coefficient for C3 crops (i.e., rice, wheat, 

beans, potato, cotton and oil plants) (Kimball, 2016); 0.0000545 %/ppm is the CO2 

fertilization coefficient for the C4 crop maize (Rezaei et al., 2023); CO2 is the 

atmospheric CO2 concentration, and 413.2 ppm is the CO2 concentration in 2020. 

 

Food demand formulations (e.g., S34 and S36) rely on exogenous inputs for daily 

requirements and dietary proportions from the historical period. How is future 

demand projected beyond the historical period? 

Response： Similar to other exogenous parameters, the exogenous inputs (daily 

requirements and dietary proportions) are held constant at the most recent historical 

values. This assumes that without specific external interventions, the dietary structure 

maintains its current pattern. Importantly, these variables are designed to be adjustable 

within the model, allowing us to modify them to create various alternative dietary 

scenarios. For example, we can adjust the dietary proportions to design a diet shift 

scenario towards a "balanced diet" or "reduced meat consumption", enabling us to 

analyze the impacts of different dietary choices. 

 

2.2.8. Land 

The transfer matrix stock is used to calculate the ‘final historical transfer matrix’ 

in the model. There is a separate ‘future transfer matrix’ variable with multiple 

subscripts having the value 0 while others simply take the final historical transfer 

matrix value. This warrants elaboration in the supplement, since it’s not clear how 

land use changes are determined beyond data replication for the historical period. 

Response：We apologize for the omission of these critical details in the previous version. 

The "Future Transfer Matrix" is indeed distinct from the historical one because it 

incorporates specific transition rules and constraints aligned with the policies assumed 

in the future baseline scenario. The "zero values" in the matrix impose specific 



16 

 

restrictions on land-use conversion. Due to strict ecological protection, we assume these 

three ecological land types with dense vegetation cover (cropland, forest, and grassland) 

can convert among themselves, but are restricted from converting into other types 

(hence, transfer probabilities to other categories are set to 0). The unused land is allowed 

to convert into cropland, forest, grassland, or settlement, but no lands are allowed to 

convert back into unused land. The wetland area is held constant at 2020 levels (no 

conversion in or out). 

We have added the future transition assumptions to Table 2 in the main text and the 

Supporting Information Section S6: 

Outline of the National Overall Planning on Land Use (2006 - 2020) 

(https://www.ndrc.gov.cn/fggz/fzzlgh/gjjzxgh/201705/t20170517_1196768_ext.html) 

requires a minimum cropland area for each province to prevent excessive farmland loss. 

The minimum threshold, denoted as the red line for cropland area, is included in the 

model’s future projection. For other land uses, ecological lands with dense vegetation 

cover (cropland, forest, grassland) can convert into each other but not into the rest land 

due to ecological policies; unused land can be converted into the rest land, but not the 

other way around; and wetland area remains unchanged. 

 

3. Model validation and application 

I appreciate that the authors have provided the scenario specification in the 

supplement S5 along with Table 2 that lists some of the data sources and 

assumptions for future baseline of key variables. I understand that there are over 

a 100 exogenous variables in the model. However, it is quite disorienting that there 

is an excel file for time-varying data inputs and several other time-varying inputs 

hidden within lookup tables (i.e., data points that are interpolated). And, as 

alluded to in my above comments in the model description, it is unclear how many 

of these time-varying inputs are formulated for the future baseline (most stop at 

historical period). I strongly recommend that an additional supplement file is 

included for ALL exogenous time-varying inputs, including those hidden in table 

https://www.ndrc.gov.cn/fggz/fzzlgh/gjjzxgh/201705/t20170517_1196768_ext.html
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functions. For clarity, the file should list all the historical data points used to drive 

model behaviour along with a column for data source, followed by all the future 

baseline data points with another column for data source/assumptions. 

Response：Thank you for this suggestion regarding the model data files. 

We have restructured the exogenous time-varying data inputs into a single file named 

'exogenous_time-varying_inputs.xlsx', which comprises three sheets. The first sheet, 

'NOTES', lists the references; the second sheet, 'history', contains historical input values 

and their sources; and the third sheet, 'future', details future input values along with 

their sources and corresponding assumptions. The file is available at 

https://doi.org/10.5281/zenodo.17568963 or https://github.com/sangshan-

ss/CHANS_SD_YRB/blob/main/exogenous_data_info/exogenous_time-

varying_inputs.xlsx. 

 

Fig2 Screenshot of the excel 

 

Table S2 lists quite a number of exogenous inputs. I would like for a distinction 

between exogenous variables (time-varying) and parameters (constants). While 

the above file should contain all the historical and future data points for exogenous 

variables, another file or table should be provided for all model parameters along 

with the estimated value and data source (literature or model calibration). Having 

these files would considerably improve the transparency of the model – especially 

https://doi.org/10.5281/zenodo.17568963
https://github.com/sangshan-ss/CHANS_SD_YRB/blob/main/exogenous_data_info/exogenous_time-varying_inputs.xlsx
https://github.com/sangshan-ss/CHANS_SD_YRB/blob/main/exogenous_data_info/exogenous_time-varying_inputs.xlsx
https://github.com/sangshan-ss/CHANS_SD_YRB/blob/main/exogenous_data_info/exogenous_time-varying_inputs.xlsx
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for readers unfamiliar with Vensim software. 

Response：Thank you for this suggestion regarding the model data files. 

According to the suggestion, we have compiled all time-invariant exogenous variables 

into a spreadsheet file named 'exogenous_parameters_(constant)_inputs.xlsx'. This file 

consists of 10 sheets. The first sheet, labeled 'NOTES', contains two explanatory notes 

and the full list of references. The remaining nine sheets are named after their respective 

sectors and list the constant parameters and data sources for each sector. The file is 

available at https://doi.org/10.5281/zenodo.17568963 or https://github.com/sangshan-

ss/CHANS_SD_YRB/blob/main/exogenous_data_info/exogenous_parameters_(const

ant)_inputs.xlsx. 

 

Fig3 Screenshot of the excel 

 

https://doi.org/10.5281/zenodo.17568963
https://github.com/sangshan-ss/CHANS_SD_YRB/blob/main/exogenous_data_info/exogenous_parameters_(constant)_inputs.xlsx
https://github.com/sangshan-ss/CHANS_SD_YRB/blob/main/exogenous_data_info/exogenous_parameters_(constant)_inputs.xlsx
https://github.com/sangshan-ss/CHANS_SD_YRB/blob/main/exogenous_data_info/exogenous_parameters_(constant)_inputs.xlsx
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The main text for description of simulation results should explicitly refer to figures 

to guide the reader. 

Response：Thank you for the suggestion. 

In the revised manuscript, we have referred to all figures and tables. 

 

The authors have emphasized high correlations for historical fits. However I am 

slightly skeptical since the current approach risks overfitting: several 

relationships are fitted to historical to the historical period being validated and 

many exogenous time series drive the dynamics of the model. To build confidence 

in the behavioural validity, the authors should use out-of-sample validation: model 

fit to a subset of historical time series (e.g. 1981 - 2005) and use the remains sample 

points to validate the model outputs. 

Response：Thank you for pointing out this issue. 

We agree with the reviewer that out-of-sample validation is a widely used method to 

evaluate model’s performance. However, applying this method (e.g., calibrating on 

1981–2005 and testing on 2006–2020) presents a fundamental challenge for the 

coupled human and natural systems in the Yellow River Basin due to significant 

structural changes and regime shifts driven by human intervention and policies (e.g., 

water use allocation, green-for-grain, ecological restoration projects, etc). 

From the modeling perspective, the high correlations in historical validation are 

unlikely to be a result of overfitting. When modeling the human or natural processes, 

most of the qualitative relationships are constructed based on established theoretical 

frameworks (e.g., Cobb-Douglas production functions, physical hydrological laws) 

rather than data-mining techniques or high-order polynomial fitting prone to memorize 

noise. The parameters derived from simple linear or low-order non-linear structures 

have clear physical/economic meanings. 

The high R values reflect the inherent characteristics of the CHANS systems. The 

slowly involving socio-economic variables (e.g., Population, GDP) have a strong 

inertia and show smooth development trends under a stable policy environment. These 
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systems rarely exhibit sudden jumps, making them naturally easier to capture with high 

(R > 0.95 is common and expected in such sectors). In contrast, natural subsystems 

(e.g., runoff, sediment load) exhibit significantly lower R values. This is because they 

are driven by stochastic climatic disturbances (precipitation/temperature) and less 

predictable. If we were overfitting, all variables (including natural ones) would likely 

show artificially high fits. The discrepancy between the higher R in stable human 

systems and lower R in natural systems is consistent with our expectation due to distinct 

behaviors of these components. 

 

Sensitivity analyses to quantify parametric uncertainty is also a validation 

standard in system dynamics. No such analysis appears in the manuscript or 

supplement.  

Response：Thank you for pointing out this issue. 

We have added the sensitivity analyses to the Supporting Information Sector S3. The 

revised texts are shown below: 

Model sensitivity analyses were performed for all constant parameters across all 

sectors using the Multivariate Monte Carlo tool in Vensim DSS. There are > 500 

constant parameters listed in the supplementary spreadsheet file “sensitivity analysis 

parameters.xlsx” available at https://doi.org/10.5281/zenodo.17568963 or 

https://github.com/sangshan-

ss/CHANS_SD_YRB/blob/main/sensitivity_analysis_files/sensitivity_analysis_param

eters.xlsx. We assigned a ±10% variation to each parameter, following a uniform 

distribution within this range. A total of 500 simulations with randomly generated 

parameter values were executed to assess how parametric uncertainty propagates to 

affect the model’s future projections (Fig. S10). 
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Fig 4 (Fig S10) Sensitivity analyses of the model’s key indicators to model 

parameters in the future baseline projections (1981–2100). The solid dark blue line 

represents the median of 500 simulations. The shaded areas, from dark to light, 

correspond to the 50% interval, 95% interval, and the full 100% range of outcomes, 

respectively. 

Key indicators of human sectors, such as GDP and electricity generation, exhibited 

a characteristic 'fan-shaped' divergence, with the uncertainty range widening 

significantly after 2040. This indicates that these variables are highly sensitive to the 

socio-economic parameters through accumulation effects. Despite this divergence, the 

median trajectories showed robust growth followed by stabilization or gradual decline, 

confirming that the economic transitions are structurally plausible. In contrast, carbon 

absorption and agricultural production exhibited relatively narrower confidence 

intervals, demonstrating a high structural stability. The confidence intervals of hydro-

climatic variables, particularly runoff and sediment load, reflected high-frequency 

interannual fluctuations driven by climatic inputs rather than structural instability. 

Overall, despite growing uncertainty in the long-term projections, the simulation 

envelopes (100% range) remain within realistic bounds, with no catastrophic collapse 
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(e.g., negative values), thereby confirming the model’s behavioral robustness. 

A summary of the sensitivity analysis results has been added to the manuscript Section 

3.1. The revised texts are shown below. 

Sensitivity analyses with randomly generated parameter values reveal growing 

uncertainty in the long-term trajectories of socio-economic and natural variables; the 

model maintains behavioral robustness across all runs without catastrophic collapse or 

unrealistic oscillations (see Supporting Information S3 for details). 

 

L436: What are some plausible explanations for Shanxi exhibiting lower accuracy? 

Response：During the revision, we re-evaluated the Capital Elasticity and adjusted it 

to > 0.3 (a more scientifically justifiable range) to enhance the model's physical realism. 

We also corrected an error in the retirement age parameter. These adjustments resulted 

into a decrease R in validation metrics for Neimeng, making Neimeng exhibiting lower 

simulation accuracy. 

As a resource-dependent region dominated by the coal industry, Neimeng’s historical 

economic data exhibit significant fluctuations driven by energy market cycles. The 

model parameters derived from long-term structural trends inevitably smooths out these 

high-frequency market shocks. In addition, Neimeng has undergone aggressive 

industrial restructuring and ecological restoration (e.g., Grain for Green) in the basin. 

These discrete policy shocks are challenging to reproduce perfectly. 

We have added these explanations in the revised manuscript. The revised texts are 

shown below: 

Some provinces, like Neimeng, exhibit lower simulation accuracy for certain indicators 

than others, probably due to the simplification of relevant modelled processes, 

imperfect parameterizations, and external policy interventions. 

 

L504: What is the red line? I do not see a red line in Figure 14(a) land area. Why 

does cropland area “need” to stay above the red line? 

Response：Thank you for pointing out this issue. 



23 

 

The "Cropland Red Line" is a specific policy term in China, referring to the mandatory 

minimum threshold for cropland area set by the central government for each province 

to guarantee national food security. The cropland area has to stay above this line 

because it is a strict legal and administrative constraint; falling below this limit is 

strictly prohibited by land management regulations. 

We apologize for the confusion about the absence in Figure 14(a). The red line was not 

visually plotted in Figure 14(a) because the figure is a stacked line chart displaying the 

cumulative composition of six different land-use types. Overlaying a threshold line for 

a single category (cropland) on a stacked chart would be visually misleading and 

difficult to interpret. Although not shown in the figure, this constraint is embedded in 

the model structure. We set the "Red Line" as a hard boundary condition (lower limit) 

in the land-use module. Therefore, the simulation logic inherently prevents the cropland 

area from dropping below this policy threshold in all future scenarios. 

We have added the explanation in the revised manuscript. The revised texts are shown 

below: 

Under the future baseline scenario, land use patterns remain relatively stable based on 

historical trends, as no new land policies are introduced and cropland area has to stay 

above the red line (a mandatory minimum cropland area for each province for food 

security) (Fig.14 (a)). 

In the Supporting Information, we also added the explanation. The revised texts are 

shown below: 

Outline of the National Overall Planning on Land Use (2006 - 2020) 

(https://www.ndrc.gov.cn/fggz/fzzlgh/gjjzxgh/201705/t20170517_1196768_ext.html) 

requires a minimum cropland area for each province to prevent excessive farmland loss. 

The minimum threshold, denoted as the red line for cropland area, is included in the 

model’s future projection. For other land uses, ecological lands with dense vegetation 

cover (cropland, forest, grassland) can convert into each other but not into the rest land 

due to ecological policies; unused land can be converted into the rest land, but not the 

other way around; and wetland area remains unchanged.  

https://www.ndrc.gov.cn/fggz/fzzlgh/gjjzxgh/201705/t20170517_1196768_ext.html
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4. Discussion  

L635-638: Although the model is presented as a CHANS framework, the Climate 

sector functions as an exogenous driver rather than a dynamically coupled 

component. The absence of climate feedbacks limits the scope of coupling. The 

model cannot represent second-order feedback dynamics such as how 

afforestation or carbon emissions might alter local hydrology or climate, critical 

for CHANS theory. Therefore, the authors should explicitly acknowledge this 

limitation and avoid overstating its scope, especially in L597-597 where they state 

the “model’s comprehensive coupling broadens its scope of application.” They 

should also discuss implications of climate feedback omissions for scenario 

analysis. 

Response：We agree that the absence of climate feedbacks and other possible feedback 

is a limitation. Accurately modeling these climate feedbacks at the basin scale requires 

using specialized climate models, which is technically infeasible to incorporate them 

into current model structure. We have modified the statement to be narrow the model's 

scope:  

Our model’s integration of socio-economic and ecological sectors provides a robust 

framework for addressing regional CHANS challenges and offers practical guidance 

for sustainable development. 

We also have added a new paragraph in the Discussion section to explicitly discuss the 

implications of omitting climate feedbacks: 

Moreover, there are still important feedbacks absent from the current coupling 

framework. Notable examples include the effects of land use change on climate, the 

effects of climate change on economic growth, and the effects of pricing on energy use 

and carbon emissions. These missing feedbacks could be incorporated based on recent 

studies, including the land use feedback on precipitation through moisture recycling 

(Sang et al., 2025), socioeconomic losses from climate change impacts (Waidelich et 

al., 2024b), and integration with Computable General Equilibrium (CGE) models 
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(Fujimori et al., 2014). 

 

The authors have justified using CMIP6 data instead of observed records to ensure 

temporal consistency, but they do not discuss the potential bias introduced by 

replacing observed data. In the model, it appears that the authors have considered 

SSP1.26, 2.45 and 5.85. Showing and discussing the sensitivity of results to 

alternative climate pathways could help demonstrate robustness. 

Response：We acknowledge the concern regarding influence of CMIP6 climate data. 

First, we performed bias correction on the CMIP6 raw data based on climate 

observations from 1981 to 2014. This process aligns the statistical properties (mean) of 

the model data with the observed records, effectively removing the systemic bias of the 

climate model while preserving the temporal consistency required for long-term 

simulation. We apologize for omitting the description of the bias correction process in 

the previous version of the manuscript. We have revised the manuscript Section 3.2.1 

and Supporting Information Section S6. The revised texts are show below: 

To reduce systemic biases in the raw CMIP6 data, we applied bias correction using 

CN05 and ground weather stations observations from 1981 to 2014. By statistically 

aligning the mean of the CMIP6 data with observation records, systemic bias is 

removed while retaining the temporal consistency required for long-term simulation. 

Technically, the model is capable of simulating climate data from SSP1-2.6, SSP2-4.5, 

and SSP5-8.5 scenarios. For the future baseline scenario presented, we selected SSP2-

4.5 because it represents a "middle-of-the-road" trajectory that align with the ongoing 

real-world climate change. Exploring the sensitivity to other pathways (SSP1-2.6 and 

SSP5-8.5) is a valuable direction for future scenario comparisons. 
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