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Abstract  

The agricultural sector, as an important source of greenhouse gas (GHG) emissions, is under pressure 

to reduce its contribution to climate change. Decisions on financing and regulating agricultural GHG 

mitigation are often informed by cost-effectiveness analysis of the potential GHG reduction in the 

sector. A commonly used tool for such analysis is the bottom-up marginal abatement cost curve 

(MACC) which assesses mitigation options and calculates their cumulative cost-effective mitigation 

potential. MACCs are largely deterministic, typically not reflecting uncertainties in underlying input 

variables. We analyse the uncertainty of GHG mitigation estimates in a bottom-up MACC for 

agriculture, for those uncertainties capable of quantitative assessment. Our analysis identifies the 

sources and types of uncertainties in the cost-effectiveness analysis and estimates the statistical 

uncertainty of the results by propagating uncertainty through the MACC via Monte Carlo analysis. For 

the case of Scottish agriculture, the uncertainty of the cost-effective abatement potential from 

agricultural land, as expressed by the coefficient of variation, was between 9.6% and 107.3% across 

scenarios. This means that the probability of the actual abatement being less than half of the estimated 

abatement ranged from <1% (in the scenario with lowest uncertainty) to 32% (in the scenario with 

highest uncertainty). The main contributors to uncertainty are the adoption rate and abatement rate. 

While most mitigation options appear to be ‘win-win’ under some scenarios, many have a high 

probability of switching between being cost-ineffective and cost-effective.  
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1. Introduction 

Policies to promote climate change mitigation should be informed by scientific evidence on the 

effectiveness of alternative greenhouse gas (GHG) mitigation options, i.e. their GHG abatement 

potential, cost and their on-farm adoption rates. This information will be subject to uncertainty, which 

if ignored, can result in inefficient policy. Robust policies, which aim to achieve their environmental, 

economic and social objectives across a range possible futures, need to take these uncertainties into 

account (Kunreuther et al., 2014; Lempert and Schlesinger, 2000). 

Uncertainty analysis has become integral in key areas of climate science and its policy interface. This 

includes the physical sciences (e.g. climate modelling), and models attempting to understand the 

economy-wide effects of climate change (Peterson, 2006). Golub et al. (2014) described uncertainty 

approaches used in integrated assessment models. Such approaches are particularly valuable for top-

down (global, regional) policy scenarios, but limited for advising policy at the national level where 

information on specific mitigation options and sub-sectors is required.  

This paper considers mitigation uncertainties in agriculture, a sector that is implicated as a significant 

source of GHG emissions both nationally and globally; agriculture (not including land use change and 

forestry) has been estimated to account for approximately 14% of global anthropogenic emissions in 

2010 (IPCC, 2014) and 17% of anthropogenic emissions in Scotland (Salisbury et al., 2015). To date, 

uncertainty regarding the agricultural sector has been considered in the context of inventory of sources 

that identify total emissions (Milne et al., 2014). However, there has been less focus on how 

uncertainties influence mitigation policy that is informed by a systematic analysis of sector-specific 

mitigation options and their cost-effectiveness. Such analysis is challenging due to the spatial variation 

in agricultural GHG emissions that constrains robust GHG emission and mitigation quantification 

(Olander et al., 2013). These difficulties hinder the development of GHG mitigation policies in 

agriculture. For example market-based instruments such as taxes or trading require robust emissions 

monitoring, while voluntary and regulatory instruments would also benefit from information on the 

uncertainties to prioritise support for mitigation options. Therefore, information on uncertainty 

associated with the cost-effectiveness of mitigation should be an integral part of the scientific evidence 

base supporting the agricultural GHG mitigation agenda. 

Most research on the economics of GHG mitigation in agriculture has largely ignored how 

uncertainties influence cost-effectiveness. Emerging information on emission uncertainty has been 

represented in some farm-level GHG modelling (Gibbons et al., 2006; Zehetmeier et al., 2014) and in 

work focussing on specific mitigation options such as biogas electricity generation (Meyer-Aurich et 



al., 2012) and low nitrogen livestock feeding options (Pierer et al., 2016). Uncertainty assessment is 

also possible with agent-based modelling of mitigation options, as described in Berger and Troost 

(2014). However, the complexity of incorporating uncertainty in the analysis often hinders knowledge 

exchange between scientist and policy makers, and can result in a limited integration of uncertainty 

information in the decision making process (Knaggard, 2013). Mutual engagement from both scientists 

and policy makers is required to overcome some of the obstacles in communicating and utilising 

uncertainty information (Milne et al., 2015; Smith and Stern, 2011). To this end, policy support tools 

such as marginal abatement cost curves (MACC) need to be augmented with a transparent uncertainty 

analysis. 

MACCs are decision making tools used to estimate the optimal level of mitigation effort and to 

prioritise mitigation options in terms of their cost-effectiveness (i.e. the cost of GHG abatement, e.g. £ 

t CO2e
-1

). MACCs show the cost of reducing pollution by one additional unit as a function of the 

cumulative pollution reduction, featuring mitigation actions in the order of their cost-effectiveness. 

The cost-effective mitigation potential is estimated as the mitigation potential under a notional carbon 

price threshold (which, in turn, represents the marginal damage cost). MACCs have informed climate 

change policy globally (Kesicki and Strachan, 2011), enabling information on the cost-effectiveness of 

mitigation to be conveyed in a relatively simple way. While the visual attractiveness of MACCs can 

facilitate access to rather complex information, they can potentially disguise information on key 

assumptions, especially the key uncertainties. The absence of an uncertainty analysis in MACCs has 

been identified as a potential methodological shortcoming (Kesicki and Ekins, 2012), perhaps 

especially for the agricultural and land use sector. High uncertainty in cost-effective abatement reduces 

the chances that chosen policies will meet mitigation targets, which increases the overall mitigation 

costs. 

We provide a systematic account of uncertainty in the context of cost-effectiveness of GHG mitigation 

in agriculture, quantifying mitigation uncertainty and highlighting the most important underlying 

factors. We use existing MACC data to estimate the uncertainty of the cost-effective total abatement 

potential and the cost-effectiveness and abatement of individual mitigation options for UK agriculture 

(Moran et al., 2011). By doing so, we demonstrate a solution for a shortcoming which affects 

numerous agricultural MACCs around the world (Eory et al., 2017) and hinders agri-environmental 

decision making. 

The paper is structured as follows. The sources and types of uncertainties in agricultural GHG 

mitigation assessment and MACCs are explored in Section 2. The methodology is explained in Section 

3, with the results presented and discussed in Section 4. Conclusions are drawn in Section 5.  



2. Uncertainty in economic assessment of agricultural GHG mitigation 

Uncertainties associated with GHG mitigation options are embedded in a complex feedback loop 

linking the environment and the economy. Figure 1 highlights the interactions between the economy 

and the climate, illustrating some of the sources of uncertainty. Environmental processes (GHG 

concentrations and mitigation, weather, systems impact) are dominated by biogeochemical 

uncertainties, while the societal processes (effects on individual behaviour, economic activities, policy) 

are associated with additional uncertainties related to technology choice, economic processes, politics, 

human behaviour and value uncertainty (heterogeneity of personal values).  

 

Figure 1 Sources of uncertainty (in squares) in the climate change feedback loop (adapted from Smith and Stern, 2011) 

In agriculture and land use, biogeochemical processes have a significant influence on land use 

activities and associated emissions, playing a key role in determining the effectiveness of mitigation 

options. Hence models of land use decisions (e.g. cropping activities, livestock densities, farm 

management activities) are highly affected by biogeochemical uncertainties. For example, the 

uncertainty in the predictions of future weather conditions generates uncertainty in nitrous oxide (N2O) 
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emission estimates, resulting in uncertainty in its estimated mitigation. Weather conditions also affect 

farmer decision-making, e.g. the amount and timing of nitrogen (N) fertiliser application, affecting 

N2O emissions and ultimately the effectiveness of mitigation options. The economic and policy 

environments influence land use decisions and associated agricultural management activities. 

Therefore, related uncertainties also intervene in model representations. For example, those related to 

changes in market prices, coupled with agricultural and energy policies, will affect both the uncertainty 

in land use and the uncertainty of financial costs and benefits of GHG mitigation options. A further 

uncertainty is related to farmer and land manager behaviours, which, combined with the policy 

environment, determine the diffusion of mitigation technologies with a direct effect on total GHG 

abatement. 

Only some of these uncertainties can be quantified. Quantifiable uncertainties are referred to as 

statistical uncertainty (also referred to as imprecision, Knightian risk, or conditional probability in 

other studies). These can be expressed via probabilities and can be included in numeric models. For 

example, the 100-year global warming potential of N2O is estimated to be in the range of 209-387 with 

90% confidence and a mean estimate of 298 (IPCC, 2013). Agricultural data on current and historic 

cropping and livestock activities, input and output prices, experimental data of gaseous emissions and 

carbon sequestration all have statistical uncertainties associated with them (though not necessarily 

quantified). Beyond uncertainties in observational and experimental data, statistical uncertainty also 

arises from any model outputs used. These can be quantified if a direct comparison of model outcomes 

with observed data (i.e. validation) is possible. For example, results from farm economic modelling 

predicting profit levels can be compared with existing time series data, allowing quantification of 

model errors.  

Some uncertainties cannot be quantified statistically. So-called deep uncertainty (or ambiguity, 

Knightian uncertainty) can arise for many reasons, and is particularly relevant to models of complex 

systems that predict future outcomes (Hallegatte et al., 2012; Smith and Stern, 2011), for example how 

agricultural production may be influenced by future extreme weather events. A third type of 

uncertainty (value uncertainty) occurs when values depend on personal judgement. Examples include 

discount rates, or the value of human life (Kann and Weyant, 2000). Value uncertainty can be 

illustrated using scenarios to represent the different choice of values. As probabilities cannot be 

assigned to the different values, the results of the scenarios cannot be aggregated in the statistical 

sense. 



3. Methodology  

Our analysis consists of two parts: i) establishing an inventory of the uncertainties that influence the 

cost-effectiveness of agricultural GHG mitigation; ii) quantitative appraisal of uncertainty associated 

with the cost-effective GHG mitigation. This section provides an overview of the MACC model, the 

methodology for the qualitative assessment and the uncertainty propagation. 

The MACC model 

A bottom-up MACC represents the annual net costs and annual GHG abatement potential of the 

mitigation options and derives the annual cost-effectiveness of the options as the ratio of these. 

Uncertainties in the abatement potential and cost of the mitigation options and uncertainty in the 

marginal damage cost curve (i.e. the carbon price) in turn result in uncertainty in the economic 

optimum (Figure 2).  

 

Figure 2 Effect of uncertainty on the optimal abatement level (adapted from Smith and Stern, 2011) 

Our quantitative analysis is based on the UK agricultural GHG MACC (Moran et al. (2011)), which 

provides a description of the MACC methodology and the mitigation options originally reviewed in 

Moran et al. (2008). Input data on abatement rates and applicability have been updated to reflect 

environmental conditions and farming practices in Scotland. A brief description of the MACC 

calculations, the main input data and the mitigation options are presented in the on-line Supplementary 

Material.  
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In the UK study, annual abatement was calculated for the years 2012, 2017 and 2022, considering 

interactions between the options, i.e. possible synergies and trade-offs in mitigation if more than one 

mitigation option is implemented at the same time on the same farm. Four adoption scenarios reflected 

different assumptions about the future policy environment: low, central, high and maximum adoption, 

assuming adoption levels of 7-18%, 45%, 85-92% and 100% respectively. The mitigation options were 

assessed both in terms of their cost-effectiveness as in the MACC (i.e. considering interactions 

between them - ‘interaction cost-effectiveness’) and as if implemented as a single option (‘stand-alone 

cost-effectiveness’).  

Our present study focuses on the crop and soil management mitigation options of the UK study, 

namely: using biological fixation to provide N inputs (BiolFix); reducing nitrogen fertiliser (NRed); 

improving land drainage (Drain); avoiding nitrogen application in excess (NExcessRed); using manure 

nitrogen to its full extent (NOrgFull); introducing of new species (including legumes) (NewSp); 

improving the timing of mineral nitrogen application (MinNTime); using controlled release fertilisers 

(CRF); using nitrification inhibitors (NI); improving the timing of slurry and poultry manure 

application (OrgNTime); adopting systems less reliant on inputs (LowInput); adopting plant varieties 

with improved N-use efficiency (HighNUE); separating slurry applications from fertiliser applications 

by several days (SepSlFert); using reduced tillage and no-tillage techniques (RedTill); using composts 

and straw-based manures in preference to slurry (Compost). 

Uncertainty assessment 

For the qualitative analysis, the main drivers of the uncertainties in each group of MACC inputs were 

explored, and the framework for the sources and types of uncertainties (Section 2) was used to map the 

sources of uncertainty (e.g. biogeochemical, economic) and the type of uncertainties (e.g. statistical, 

deep).  

The quantitative analysis estimated the statistical uncertainty of the MACC. Statistical uncertainty is 

commonly represented by a probability density function (PDF), describing its shape (i.e. distribution), 

mode (the value associated with the highest probability) and width (e.g. 95% confidence interval). As 

information on the statistical uncertainty of the input variables is scarce, the shape of the PDFs were 

defined to follow theoretical distributions, the input values of the variables in the original study 

(Moran et al., 2008) were used as the mode and the width of the PDFs were based on the authors’ 

judgment. The inputs of the MACC model were originally derived from agricultural statistics, 

experimental data, biophysical and economic models, and, in the lack of these, expert opinion. Table 1 

provides a description of these inputs, grouped into seven categories. To examine the effect of the 



distribution and confidence interval of the PDFs, nine PDFs were defined for each input variable: a 

combination of three different distributions and three different confidence intervals.  

Each of the three distributions (triangular, censored normal and truncated normal) allows the 

boundaries of the parameter space to be dealt with in a particular way, i.e. the fact that some input 

variables must lie between 0 and 1. Table 1 shows the parameter space of each input group. For the 

triangular distribution, probability is a linear function of distance from the mode. For the censored 

normal and truncated normal distribution it is assumed that the distribution of probabilities can be 

represented by a normal distribution bounded by the parameter space of the input variable. These two 

distributions differ solely in whether there is a non-zero probability of obtaining values that lie exactly 

at the boundaries of the parameter space; the censored normal allows this, the truncated normal does 

not. The two distributions are equivalent to each other and equivalent to a conventional normal 

distribution for those input variables that have no boundaries on their parameter space (net cost, and, 

for some mitigation options, abatement rate).  

Table 1 Characteristics of the three levels of uncertainty assigned to the input variables of the MACC model 

Input group Description and unit 
Parameter 

space 

Confidence intervala 

Wide PDF Medium PDF Narrow PDF 

N2O GWP 100 year GWP [kg CO2e (kg N2O)-1] (0, ) Mode * 0.6 Mode * 0.4 Mode * 0.2 

Activity levels 
Areas of land under different type 

of crops [ha] 
(0, ) Mode * 0.6 Mode * 0.4 Mode * 0.2 

Applicability 
Proportion of land area where an 
option can be feasibly applied [-] 

(0, 1) 1.0 0.6 0.2 

Adoption 

Level of implementation of an 
option by farmers across Scotland, 
on land areas where the option is 
applicable [-] 

(0, 1) 1.0 0.6 0.2 

Interaction 
factors 

Factor assigned to each possible 
pairs of options, describing the 
synergies and trade-offs in the 
GHG effectiveness of the options [-
] 

(0, ) 1.0 0.6 0.2 

Abatement rate 
Technical GHG effectiveness of the 
options [t CO2e ha-1 year-1] 

(0, ) 
Mode * 4 Mode * 2 Mode 

(-, ) 

Net annual cost  

Difference between the gross 
margin of the farm with and 
without the option applied, 
calculated with a profit maximising 
farm model [£ ha-1 year-1] 

(-, ) Mode * 4 Mode * 2 Mode  

a
 confidence interval is 95% for the censored normal and the truncated normal distribution, 100% for the triangular 

distribution 



The confidence interval was defined to include 95% of probability, or 100% for the triangular 

distribution. To reflect the lack of robust information on the uncertainties, three levels of uncertainty 

were assigned for each input variable: high, medium or low, represented by a wider, a medium and a 

narrower confidence interval, respectively, and the corresponding PDFs are labelled as “wide”, 

“medium” and “narrow” PDF. The confidence interval of those input variables for which parameter 

space was not bounded (e.g. net cost) were defined as a multiples of the mode, whilst if the parameter 

space was bounded (e.g. adoption) the confidence interval was defined in absolute terms.  

The widths of the confidence intervals were based on the authors’ judgment. Activity levels and the 

global warming potential of N2O were assumed to have the lowest uncertainty; the former based on the 

fact that annual farming statistics in Scotland are estimated with relatively high certainty, the latter 

based on the confidence range of N2O GWP reported by the International Panel of Climate Change 

(IPCC), which is ±30% (Myhre et al., 2013). 

Applicability, adoption and interaction factor (IF) values were based on expert judgement in the 

original MACC exercise, therefore greater levels of uncertainty were assigned to these than to GWP 

and activity levels. Applicability and adoption can be of any value between 0 and 1, where 1 represents 

applicability on 100% of agricultural land, and 100% adoption, respectively. Most of the IFs fall 

between 0 and 1. The IF values that represent synergies, for example the interaction effect between 

‘improving land drainage’ and ‘using nitrification inhibitors’, have values above 1, meaning that one 

option enhances the mitigation effect of the other. The uncertainties of applicability, adoption and 

interaction factors are assumed not to be proportional to their value and were expressed in absolute 

terms. Net costs of mitigation options were assigned relatively high levels of uncertainty. These were 

derived from a farm level financial model with no information on their uncertainty. Abatement rates 

were also based on expert judgement and were similarly assigned high levels of uncertainty. The 

abatement rates of seven of the 15 mitigation options were assumed to be non-negative. The remaining 

eight options were assumed to have some probability for negative values, that is, to increase, rather 

than decrease, GHG emissions (see on-line Supplementary Material). 

Statistical uncertainty of the input variables was propagated through the MACC model via Monte 

Carlo analysis run for all 3 x 4 x 3 x 3 x 8 = 864 combinations of year (2012, 2017, 2022), adoption 

scenario (LFP, CFP, HFP and MTP), level of uncertainty (narrow PDF, medium PDF, wide PDF), 

PDF shape (censored normal, truncated normal, triangular) and input group. For each of the seven 

input groups, the input uncertainties were propagated separately while the other inputs were 

maintained at their mean value. In the final set of Monte Carlo run all the uncertainties were 

propagated jointly through the model.  



The Monte Carlo analysis for each combination involved simulating 2,500 sets of input variable values 

using the relevant PDFs, and then using each set of simulated input variables for calculation of the 

MACC to generate a PDF for the MACC outputs. The key outputs collected were  

i) the distribution of the cost-effectiveness and abatement potential of each mitigation option; 

ii) the distribution of the cost-effective abatement potential. This corresponds to the aggregated 

annual abatement potential of all of the options with a cost-effectiveness value below the 

shadow price of carbon (SPC) (£29 (CO2e t)
-1

 as estimated by Price et al. (2007)).  

Lacking any quantitative information on possible dependence between the different groups of inputs of 

uncertainty, it is assumed that the uncertainties associated with the different groups of inputs are 

independent for the simulations that combine all seven groups. 

4. Results and discussion 

Qualitative uncertainty assessment 

The main drivers, sources and types of uncertainties affecting each input group are presented in Table 

2. Economic and biogeochemical uncertainty affects all but two input groups. Economic uncertainty is 

not prominent in abatement rate and interactions, and biogeochemical uncertainty is not important for 

the adoption levels and costs of the options. Uncertainty in farmer behaviour is important to the 

abatement potential, the adoption of the options, and the interactions between them. Uncertainty 

regarding farming technologies affects the abatement rate, interactions and the costs of the options. 

Finally, agri-environmental policy uncertainty mainly impacts the activity levels, adoption rates and 

costs.  

Multiple statistical uncertainties characterise all of the MACC inputs. These arise from the use of 

sample observational data, experimental data (due to the accuracy and random error of the 

measurements), and modelled data (uncertainty in the data use and modelling uncertainty) in the 

MACC calculations. These uncertainties can in theory be quantified. But this information is not always 

reported in a form suitable for subsequent economic assessments. For some inputs (e.g. abatement and 

adoption rates) MACCs often rely on expert knowledge, where quantification of uncertainties is even 

more difficult and typically ignored. 

Deep uncertainties characterise complex and/or future values that can only be modelled but not 

measured. Since MACCs are used as ex-ante tools, deep uncertainties are inherent in all of the inputs 

as a result of modelling the future of a complex ecological-economic system.  



Value uncertainties exist regarding the global warming potential (GWP) metric and the discount rate, 

both depending on the policy goal and the time horizon considered, and both potentially leading to 

contrasting MACC scenarios.  

Table 2 Inventory of uncertainties in the economic assessment of agricultural GHG mitigation 

Input group Driver of uncertainty 
Source of 

uncertainty 
Type of 

uncertainty 

Global warming potential 
(GWP) of GHGs 

Variability in the atmospheric processes Biogeochemical Statistical 

Future atmospheric processes Biogeochemical 
Statistical and 
deep 

Choice of GWP metric Economic Value 

Agricultural activity levels 
(e.g. 0.9 M ha permanent 
grassland) 

Future changes in farming activities as 
they depend on changes in climate and 
soil characteristics 

Biogeochemical 
Statistical and 
deep 

Current agricultural activity, prices and 
other economic variables 

Economic Statistical 

Future changes in farming activities as 
they depend on demographic and 
economic changes 

Economic and 
political 

Statistical and 
deep 

GHG abatement rate of the 
mitigation options (e.g. 0.1 t 
CO2e/ha/year) 
AND 
Biophysical interactions 
between the mitigation 
options (e.g. 10% reduction in 
the GHG abatement of option 
A if applied together with 
option B) 

Variability of the weather and in the soil 
processes involved in N2O emissions 

Biogeochemical 
Statistical and 
deep 

Future soil processes as they depend on 
changes in climate and soil 
characteristics 

Biogeochemical 
Statistical and 
deep 

Ways farmers will implement the 
mitigation options in practice  

Behavioural 
Statistical and 
deep 

Future changes in the abatement 
efficacy of the mitigation options 

Technological 
Statistical and 
deep 

Applicability of the mitigation 
options (e.g. % of land area) 

Variability in weather and soil types Biogeochemical Statistical 

Types of current and future farming 
systems 

Economic 
Statistical and 
deep 

Likely additional adoption of 
the mitigation options by 
farmers (e.g. 45% of land 
area) 

Current farm management practices  Economic Statistical 

Variability in farmers’ behaviour  Behavioural Statistical  

Farmers’ future behaviour Behavioural 
Statistical and 
deep 

Future changes in the economy and 
farming 

Economic and 
political 

Statistical and 
deep 

Annualised net cost of the 
mitigation options (e.g. £1.40 
/ha/year) 

Current prices, costs, farm finances Economic Statistical 

Future changes farming practices  Technological 
Statistical and 
deep 

Future prices, costs, farm finances 
Economic and 
political 

Statistical and 
deep 

Choice of discount rate Economic Value 



Quantitative uncertainty assessment 

Uncertainty of the cost-effective GHG abatement  

For the year 2022, CFP, truncated normal distribution, medium PDF and all input group uncertainties 

combined, the mean cost-effective GHG abatement is 875 kt CO2e, the standard deviation is 277 kt 

CO2e. The coefficient of variation (CV), which is a relative metric (the ratio of the standard deviation 

to the mean), is 32%. In other words, the true value of the cost-effective GHG abatement lies between 

336 and 1,415 kt CO2e with 95% certainty (the 95% confidence interval is 1.96 times the standard 

deviation for normal distributions). Moran et al. (2008) estimated the same mitigation options to 

provide 805 kt CO2e in 2022 under the SPC in Scotland; the difference being due both to some 

differences in the input values and also to the difference in the method regarding interaction 

calculations (in Moran et al. (2008) the interaction calculation was considering the whole UK while in 

this paper only Scotland was included in the interaction calculations).  

The uncertainties of the cost-effective abatement for the truncated normal distribution are presented in 

Figure 3. The uncertainty in absolute terms increases with increasing mean cost-effective abatement, 

but the relative uncertainty is higher with lower abatement. The distributions become skewed in the 

higher uncertainty scenarios, as can be seen from the increasing distance between the median and the 

mean values. 

When propagating the uncertainties of all the input variables across all combinations of year, adoption 

scenario, level of uncertainty and PDF shape, the CV was between 9.6% and 107.3%, with an average 

of 38.3%. The lowest of these values (9.6% CV) was associated with the scenario MTP, 2022, narrow 

PDFs, triangular distribution, and the highest uncertainty (107.3% CV) was found for the LFP, 2012, 

wide PDFs, censored normal distribution. The input variables’ uncertainties contribute to the 

uncertainty of the cost-effective abatement at a varying level: the adoption and abatement rates were 

the most important contributors and the uncertainties of the net cost and activity level were the least 

important in the output uncertainty (see further details in the Supplementary Material). 
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Figure 3 Uncertainty of the cost-effective abatement. Boxes represent lower and upper quartile, black line is the median, light grey  dot is the mean, and whiskers represent one 

standard deviation from the mean in both directions 



Uncertainty in the cost-effectiveness and abatement potential of the mitigation options 

The uncertainty in the cost-effectiveness of the mitigation options is, on one hand, related to the 

parameters of the options that eventually define their stand-alone cost-effectiveness, and is also related 

to the uncertainty in the IFs and the ranking of the options. Figure 4Error! Reference source not 

found. presents the stand-alone and the interaction cost-effectiveness of the mitigation options for 

three levels of uncertainty (for: all input group uncertainties combined; 2022; central adoption 

assumption (CFP); truncated normal distribution). The range of the 95% CI of the stand-alone cost 

effectiveness (CE) for the fifteen options lies between £0 and £227 (t CO2e)
-1

, £0 and £658 (t CO2e)
-1

, 

£0 and £1,847 (t CO2e)
-1

 for narrow, medium and wide PDFs – very large ranges compared to a 

shadow price of carbon at £29 (t CO2e)
-1

.  

The uncertainty of the CE corresponded with the mean CE: higher absolute values resulted in larger CI 

range. The CE of Using reduced tillage and no-tillage techniques had the largest CI in all three 

scenarios and Separating slurry applications from fertiliser applications by several days and Use 

composts and straw-based manures in preference to slurry had the lowest 95% CI range. These latter 

two options’ unitary costs were £0 ha
-1

, resulting in no observable uncertainty in the cost-effectiveness 

(as the PDF generation methodology calculated the 95% CI as a product of the mode and a constant). 

The CV show a varied picture among the three PDF assumptions; with the wide PDF Improving land 

drainage is the most uncertain relatively to the mean, while in the other PDF scenarios Separating 

slurry applications from fertiliser applications by several days is the least certain. Relatively the most 

certain (i.e. lowest CV) option is Using controlled release fertilisers. 

The uncertainty of the interaction cost-effectiveness was higher than the stand-alone cost-effectiveness 

since the uncertainty in the IFs adds a further source of uncertainty via changing the ranking of the 

options and the effects one option have on the abatement potential of other options. Consequently, the 

least cost-effective options have the highest uncertainty (Figure 4)Error! Reference source not 

found.. The 95% CI of the interaction CE of Using biological fixation to provide N inputs was 

between 33,000 and nearly 3,000,000 £ (t CO2e)
-1

 in the three PDF assumptions, with three more 

options having very high CIs (Reducing nitrogen fertiliser, Using controlled release fertilisers, 

Adopting systems less reliant on inputs); clearly highly influenced by the combination of interaction 

calculation and uncertainty propagation methodologies. The increase in the range of the 95% CI from 

stand-alone CE to interaction CE is at least 10-fold for all but the six most cost-effective options in the 

medium PDF assumption.  

As expected, the uncertainty of the cost-effectiveness of the options increases with increasing 

uncertainty level. Interestingly this, in turn, changes the probability of the mitigation options being 
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cost-effective: with higher uncertainty the median CE values moving closer to the shadow price of 

carbon (SPC), and the probability of the options switching from being cost-ineffective to cost-effective 

(and vice versa) becomes higher. For example, the median stand-alone CE of Using nitrification 

inhibitors is £53 (t CO2e)
-1

 with narrow PDF, and its probability of falling under the SPC was 6.6%. 

With wide PDF the CE is £39 (t CO2e)
-1

 and the probability of being cost-effective increased to 38.8%.  

Regarding the abatement of the mitigation options, the smallest 95% CI ranges belonged to the options 

with lowest abatement potential and vice versa. Under the medium PDF assumption the lowest CI 

range was 16 kt CO2e y
-1

 (Separating slurry applications from fertiliser applications by several days, 

with interactions) and the highest was 778 kt CO2e y
-1

 (Improving land drainage, stand-alone). 

However, if we compare the uncertainty range with the mean, Reducing nitrogen fertiliser, Using 

controlled release fertilisers and Using nitrification inhibitors had the lowest uncertainty (i.e. the 

lowest CV) in stand-alone calculations and Improving land drainage, Improving the timing of mineral 

nitrogen application and Adopting systems less reliant on inputs has the lowest CV with interactions.  



 

Figure 4 Stand alone and interaction CE of the mitigation options (2022, CFP, all sources combined, truncated normal distribution). Whiskers are 95% CI. The grey line 

represents the SPC, dots represent corresponding Scottish interaction CE values from (Moran et al., 2008)  
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Figure 5 Stand alone and interaction abatement potential of the mitigation options (2022, CFP, all sources combined, truncated normal distribution). Whiskers are 95% CI, 

dots represent corresponding Scottish interaction abatement values from (Moran et al., 2008) 
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Our analysis has boundaries and makes assumptions which need to be highlighted. Most importantly, 

the uncertainty of cost-effective GHG abatement potential depends on uncertainty about the marginal 

abatement costs and benefits. The latter aspect has not been quantified in this study. A first approach 

could utilise the uncertainty range of the carbon price as used by the UK Government (DECC, 2009). 

Furthermore, more detailed information on the uncertainties, particularly using individual uncertainty 

assumptions for each variable instead of universal uncertainties for input groups could give more 

refined results, which is important when considering how the uncertainty of the cost-effectiveness of 

mitigation options compare. The GHG mitigation options often have positive or negative side, or, 

better co-effects (e.g. on water and air quality). We have not considered these effects and the 

associated uncertainties. However, including the information in the assessment can significantly shift 

the cost-effectiveness of individual mitigation options, and therefore might alter the uncertainty of 

cost-effective GHG abatement potential (Glenk and Colombo, 2011). Finally, emerging information 

about the uncertainties of the abatement rate of certain mitigation options could be included in future 

MACC analysis, along with a more detailed representation of net cost uncertainties. 

5. Conclusion 

This analysis sheds light on the uncertainty associated with estimated cost-effective GHG abatement in 

an agricultural MACC. Propagating the statistical uncertainty through the MACC addresses important 

policy questions: i) what are the uncertainties in future mitigation effort, ii) how can uncertainties be 

reflected in policy development, and iii) how much resource should be allocated to reducing these 

uncertainties? 

What are the uncertainties? 

Agricultural MACCs embed complex uncertainties, relating to the wide range of information sources 

used to build them. While part of these uncertainties can be quantitatively assessed, there are 

“unknown unknowns”; these deep uncertainties need acknowledgment and consideration, particularly 

for longer-term mitigation pathways. The quantifiable uncertainty of the cost-effective abatement 

potential from Scottish agricultural land suggests that the probability of the actual abatement being less 

than half of the estimated abatement level is between <1% (in the scenario with lowest uncertainty) 

and 32% (in the scenario with highest uncertainty). The majority of the mitigation options were cost-

effective with a certain likelihood in the medium and wide uncertainty scenarios, suggesting that the 
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cost-effectiveness threshold could be used as an indicative metric, as options with CE above it might 

actually be cost-effective.  

How to cope with the uncertainties? 

The case study revealed potentially high uncertainties in the Scottish agricultural (crop and soil 

management) MACC in terms of both the mitigation potential and cost-effectiveness of the options. 

Different policy approaches can be used to address this. In case of very high uncertainties in the cost-

effectiveness estimate or the abatement potential, decision makers may choose to exclude options from 

further consideration for policy support until more robust evidence becomes available (e.g. improving 

drainage of agricultural land and administering propionate precursors to cattle were excluded from 

Scottish agricultural mitigation policy proposals due to high uncertainty of the abatement potential and 

uptake, respectively (Scottish Government, 2011; Scottish Government, 2013)). Regular updating of 

the MACC with new evidence gradually reduces the uncertainty of future estimates (Eory et al., 2015; 

MacLeod et al., 2010; Moran et al., 2008), and therefore aids policy development. Flexible support 

mechanisms can also help tackle part of the uncertainty arising from variability between farms. Farm 

advisory services and targeted policies can consider the individual circumstances of farm businesses. 

We can also be more guarded in excessive extrapolation of unadjusted results from national studies.  

How much effort to invest in reducing uncertainties? 

Reduction in uncertainty could be achieved via improvement in data reporting, including better 

accessibility of experimental and modelling data and clearer disclosure of uncertainty. The UK GHG 

emission inventory now includes an assessment of the uncertainty in IPCC coefficients and activity 

data (Milne et al., 2014). As experimental evidence on the technical abatement potential of mitigation 

options is expanding, meta-analysis is becoming possible for more mitigation options (see for example 

Akiyama et al., 2010; Qiao et al., 2015; Veneman et al., 2016). Despite this promising trend, reporting 

of uncertainty and the main drivers of variability tend to be lax and inconsistent (Buckingham et al., 

2014); suggesting the development and wide scale adoption of common reporting guidance would be 

highly beneficial. 

Further evidence should be gathered in areas that have high levels of uncertainty and that contribute 

disproportionately to output uncertainty (Heijungs, 1996). In this study, the uncertainties in adoption 

and abatement rates are the most important, while uncertainties in the net cost and activity levels were 

least important contributors to the uncertainty of the cost-effective GHG abatement. Reducing 

adoption rate uncertainty requires improved statistics on current farm practices and improved 

understanding of likely future behaviours, while reducing uncertainty of abatement rates depends on 
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targeted biophysical experimental and modelling exercises. The uncertainty associated with the input 

of subjective expert opinion for some model variables is particularly challenging to evaluate. This area 

is rarely explored, with some notable exceptions in energy technology assessment (Baker et al., 2009a; 

Baker et al., 2009b). Further quantitative evaluation of this source of information is warranted.  
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