Supplementary Material - The social cost of methane
S1. Updates and new elements added to the climate module
S1.1 Gas cycles
The gas cycles are from FaIR 2.0.0 (Leach et al. 2021).
The carbon cycle model is a four-box model that partitions anthropogenic CO2 emissions into four different boxes with different removal time scales of carbon uptake by the oceans and the biosphere. The model can be summarized with following four equations:
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 is the anthropogenic emissions,  the atmospheric carbon stock,  the pre-industrial atmospheric carbon stock,  can be interpreted as an atmospheric carbon stock reservoir, to which a fraction of the anthropogenic emissions is allocated, and  is the share of the emissions that go to that particular carbon stock reservoir . Hence the sum . Furthermore, carbon is removed from each reservoir with a removal rate given by 1/ multiplied by the carbon stock in that reservoir.  depends on , i.e., the cumulative carbon uptake in the sinks, and the increase in global mean surface temperature . The parameters in eq (1)-(4), i.e., , , , , and, are set equal to the default values given in (Leach et al 2021).
The methane cycle model is a one-box model that can be summarized with the following two equations:

 								(5)
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Here  is the anthropogenic emissions of methane, while  is the anthropogenic stock of methane. Methane is removed from the atmosphere with a removal rate given by 1/. The parameters in eq (5)-(6), i.e., , ,  , , and, are set equal to the default values given in (Leach et al. 2021). 
The nitrous oxide cycle is a one-box model that is given by the following equation:
 								(7)
Here  is the anthropogenic emissions of methane, while is the anthropogenic stock of Nitrous oxide. Nitrous oxide is removed from the atmosphere with a removal rate given by 1/. The parameter in eq (7), i.e., , is set equal to the default values given in (Leach et al. 2021). 
The baseline emissions are generated in different ways. The baseline CO2 emissions are generated using the standard approach in DICE 2016 R2, while the baseline emissions for CH4 and N2O are based on SSP2 baseline scenarios (Riahi et al. 2017).

S1.2 Effective radiative forcing 
For details regarding the estimation of effective radiative forcing (ERF) we refer to (Smith et al. 2018) and (Leach et al. 2021). However, the key equations are given below.
The effective radiative forcing for CO2 is calculated with
					(8)
The effective radiative forcing for CH4 is calculated with
							(9)
Increased concentration of CH4 also has impacts on tropospheric ozone (O3) and stratospheric water vapor (SWV), which increases the total ERF caused by CH4 emissions. This is calculated with 
 								(10)
and
								(11)
The effective radiative forcing for N2O is calculated with
							(12)	
where ,  and  are concentrations of CO2, CH4 and N2O, respectively, and  ,  and  their pre-industrial counterparts, see (Smith et al. 2018) and (Leach et al. 2021) for the  constants.
The total radiative forcing  is the sum of different forcing terms
								(13)
where  is the exogenous forcing of other forcing contributors based on the IMAGE SSP1-2.6 W/m2 pathway from RCMIP database (Nicholls & Lewis 2021), see section 2.1 in the main paper.




S1.3 Energy balance model
The findings of (Geoffroy et al. 2013) are used to calibrate the energy-balance model (EBM) of DICE. It is a two-layer EBM in which the first layer corresponds to the atmosphere, the land surface, and the upper ocean, and the second corresponds to the deep ocean. The model is described as follows:
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The reference year used for the radiative forcing, , is 1765 (year 0 in the model).  is the change in the mixed layer temperature with respect to the temperature level in 1765 and  is the change in the deep ocean temperature with respect to the same year.  and  are the heat capacities [W·yr·K-1·m-2] for the mixed layer and the deep ocean, respectively.  is the exchange coefficient between the mixed layer and the deep ocean [W·K-1·m-2], and  is the climate sensitivity parameter [K·W-1·m2]. The global average surface temperature is assumed to be the same as the mixed layer temperature.
S2. Non-CO2 MAC curves
The MAC curves for CH4 and N2O included in our model are estimated based on a least square fit to the results presented in (Harmsen et al. 2019). The MACs are represented by an exponential function with the following form:

	
	(16)


Table S1. Parametrization of the MAC curves
	
	CH4
	N2O

	a
	0
	0.000114

	b
	0.586
	0.2999

	c
	1.054
	40.37

	d
	0.1164
	0.02737



Here a, b, c, and d are constant parameters, and x is the abatement in percent. The added minus one term implies that the marginal cost for zero abatement is zero.
S3. Overview of social discount rate
The social discount rate (SDR) is used to assign a present value to costs and benefits that occur in the future. The SDR in DICE is set by a simplified “Ramsey rule”, based on the Ramsey-Koopmans-Cass model of optimal economic growth (Ramsey 1928; Koopmans 1963; Cass 1965; Arrow et al. 2012). The Ramsey rule is expressed as: 

	
	(17)



where  is pure rate of time preference,  is the negative of the elasticity of marginal utility and  is the per capita growth rate of consumption. More complex versions of this rule include risk and uncertainties of various kinds. There is no consensus in academia about the most appropriate values for  and . There are proponents of setting  and  according to observed market behavior (i.e., using a descriptive approach), while others argue that  and  should be set according to ethical considerations (i.e., using a prescriptive approach). In the latter approach, one has to make an ethical judgement on how we should value consumption of the rich vs the poor (reflected by ) and how we should value utility in the near-term vs in the long-term (reflected by ). The lack of consensus is, in practice, a large problem since the effect of even small changes in these parameters can be very large on the resulting estimate of the optimal emissions, temperature and social cost of carbon calculations.
In our base case setting =0. 5%/year and =1, while per capita consumption growth rate varies over time, but is about 2%/year during the 21st century, implying that the discount rate is about 2.5%/year with our base case setting. With the same growth assumption, but using the standard discounting parameter in DICE 2016R2 the discount rate would be about 4.4%/year
S4. Model constraints 
We use the same constraints on the rate of increase in CO2 emissions reduction and the use of NETs as (Hänsel et al. 2020). The rate of increase of CO2 emissions reduction is limited to no more than 2 Gt CO2 per year per year until 2045 and 2% per year from 2050 onwards. Furthermore, NETs are allowed from 2050 but the total CO2 abatement is constrained to a maximum reduction of 120% of baseline emissions.
We additionally include constraints that limit the growth rate of abatement as a share of baseline emissions reduction of CH4 and N2O to 3 percentage points per year and assume that the initial abatement level is 0%. NETs are not allowed for these two gases.
These constraints are introduced to avoid large negative emissions and very rapid emission reductions. The standard assumption for maximum abetment in DICE 2016 R2 is 120% of baseline emissions from 2150, while we assume negative emission can be reached earlier, in line with results from technology rich IAMs (see Hänsel et al. 2020 for a discussion). The reason for using a constraint on the rate of abatement is that DICE does not have any term that reflects costs that are rate dependent, but in reality it will be much more difficult to reduce emissions by say 50% in ten years than in 50 years’ time. The reason for this constraint is to introduce a higher degree of realism in the model outcome and give results more in line with those of technology rich IAMs, again see (Hänsel et al. 2020). 
S5. Summary of results
Table S2 contains a summary of the social cost estimates of CO2 and CH4, as well as the ratio of SCM to SCC for 2020, 2050 and 2100, of our base case (Hänsel et al. 2020) parametrization of the SDR and damage function), Nordhaus parametrization of the SDR and damage function (Nordhaus 2018), the BAU scenario, and the no NETs scenario. The time evolution of the SDR for the four cases can be found on Figure S1 in the next section.
Table S2. Social Cost of Carbon, Social Cost of Methane, Ratio of SCM to SCC
	
	Emissions Year
	SCC (USD/tCO2)
	SCM (USD/tCH4)
	SCM/SCC

	
	2020
	192
	3,997
	21

	Our Base case
	2050
	345
	9,702
	28

	
	2100
	589
	19,874
	34

	
	2020
	27
	879
	33

	Nordhausa)
	2050
	70
	2802
	40

	
	2100
	209
	9,787
	47

	
	2020
	1,196
	8,075
	7

	BAU
	2050
	2,200
	18,533
	8

	
	2100
	5,060
	54,573
	11

	
	2020
	318
	4,294
	13

	No NETs
	2050
	618
	9,629
	16

	
	2100
	1,510
	25,846
	17


a) By “Nordhaus” we mean a case with Nordhaus’s discount rate parameters and damage function used in our updated version of the DICE model (e.g., the updated carbon cycle, energy balance model and explicit modeling of methane and nitrous oxide)
S6. Nordhaus parametrization of the damage cost and the social discount rate
Nordhaus’ choice of discount rate and damage function (Nordhaus 2018) has been broadly used in the scientific literature. He uses a proportionality coefficient of the damage function  equal to 0.00236, and a pure rate of time preference  and an elasticity of marginal utility  equal to 1.5%/year and 1.45, respectively.
S7. Ratio of SCM to SCC as a function of the damage cost
Figure S1 illustrates how the ratio of SCM to SCC in 2020 varies when the damage cost is increased (here expressed as damage at 2 °C as share of global GDP), and this is shown for five different values for the pure rate of time preference. Below we explain why the ratio SCM/SCC increases when the discount rate increases, when the damage cost is increased and then we focus on how changes in both these assumptions simultaneously affect the SCM/SCC ratio. 
[image: ]
Figure S1. Ratio of SCM to SCC in 2020 as a function of the damage cost for five different values for the pure rate of time preference (delta).
First, both SCC and SCM decrease when the discount rate increases because future damages matter less. However, the SCC drops significantly more than the SCM because of the long lifetime of carbon dioxide, so this explains why the ratio of SCM to SCC increases when the discount rate increases. 
Second, when the damage proportionality constant increases, SCM/SCC would remain the same all else constant. However, in an optimization model, SCM and SCC are estimated along the optimal solution. With a higher damage coefficient, the temperature response will be lower. This will reduce SCC more than SCM (since SCM is largely determined by what happens during the next 30 years or so due its relatively short atmospheric lifetime) and hence SCM/SCC will increase with higher values for the damage coefficient. 
We can also note in figure S1 that the impact on SCM/SCC from changes in the damage coefficient, is lower the higher the pure rate of time preference is (the slope of the SCM/SCC curve at  = 3% is lower than the slope of the SCM/SCC curve at  =0.5%). The reason for this can be explained as follows: when the discount rate is relatively high, damages that occur in the near term are relatively more important, and then changes in the damage proportionality constant affect SCM and SCC roughly equally because the optimal temperature response does not change very much in the near term, although it may change much in the long term. Hence, the ratio of SCM to SCC increases much less as a function of the value for the damage constant with higher discount rates than for lower discount rates. If we kept increasing the discount rate, we would eventually observe how the ratio SCM/SCC becomes almost constant when varying the damage coefficient.
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