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A B S T R A C T

Climate risks are financial risks. To help manage them, researchers and practitioners are
exploring which metrics to use to assess climate risks, and to what extent the metrics delivers
heterogeneous results. We analyze a unique dataset including risk assessments from 9 providers
for firms of the MSCI World Index. Convergence between metrics is higher for the firms most
exposed to transition risk. The underlying modeling assumptions and scenario characteristics
are associated with changes in the estimated transition risk. Users of climate risk metrics should
properly understand the key assumptions underlying a metric to appropriately interpret its
result.

. Introduction

Risk assessments are at the cornerstone of financial decisions. Climate risks are financial risks (NGFS, 2019; IMF, 2020; BCBS,
021; FSB, 2022) and, as such, need to be addressed in risk management (Hong et al., 2019; Baldauf et al., 2020; Engle et al., 2020;
onasterolo and De Angelis, 2020; Bakkensen and Barrage, 2022; Bolton and Kacperczyk, 2021; Görgen et al., 2021). However,

here is no agreement on how to measure climate risks and on which metrics to use for that. Traditional approaches, based on
istorical data are likely misleading in the context of climate risks because of non-linearity, non-stationarity, path-dependencies,
nprecedented developments, and endogeneity issues (Weitzman, 2011; Chenet et al., 2019; Battiston et al., 2019; Karydas and
epapadeas, 2019). Forward-looking approaches, usually based on scenario analysis, are therefore subject to increasing attention
nd fast developments.

Yet, the methodologies, data, and assumptions underpinning these forward-looking approaches vary substantially (Bingler and
olesanti Senni, 2022). This does not come as a surprise: it reflects the underlying complexity and uncertainty in the analysis of
limate risks. It has been shown that environmental, social and governance (ESG) ratings could vary considerably across metric
roviders, for the same firm (Berg et al., 2022). Focusing on physical risk metrics, Hain et al. (2022) find considerable divergence
cross six risk measurement approaches. Given the deep uncertainty around climate risks, this divergence is not avoidable, and per
e not an issue, as long as the key drivers of risk are properly understood.

Understanding the drivers of such heterogeneity in climate risk assessments is key for investors and supervisors, and also crucial
or reliable research. The present analysis shows that, although risk indicators tend to converge on firms most exposed to transition
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Table 1
Definitions of the explanatory variables.
Variable Type Definition

Climate scenario-specific variables
temperature target categorical The temperature target to be achieved within the

climate scenario.
time horizon categorical The time horizon considered in the climate

scenario.
Provider-specific methodology variables
output categorical Type of climate-adjusted financial risk metric that

is provided.
firm target dummy Consideration of the firms’ climate targets.
CAPEX dummy Consideration of firms’ capital expenditures.
approach categorical Modeling approach for calculating the risk value.

risk, the different methodologies and scenarios underlying them generate heterogeneity in climate transition risk assessments. As a
consequence, the selection of specific climate risk metrics should be explicitly justified.

To this end, this paper explores whether climate risk metrics of different providers tend to converge or diverge for the same
irm, and which metric characteristics are associated with changes in the estimated transition risk exposures. For our analysis, we
onstruct a dataset of 105,466 observations, covering 69 different climate transition risk metrics from 9 providers for 1565 firms
f the MSCI World Index.

The remainder of this paper is organized as follows: In Section 2, we describe the data used and the variables chosen, as well
s the methodological approach adopted in this study. In Section 3, we report the main findings concerning the convergence and
ivergence of climate risk metrics. Moreover, we look at the association between risk exposure and metrics’ characteristics, both
cross-metrics and within the same providers. Our conclusions are summarized in Section 4, where we also highlight key areas for
uture research, and implications for asset managers, investors, central banks, and financial supervisors.

. Data and variables

We focus on a sample of 1565 companies included in the MSCI World Index as of 31 January 2020. We consider forward-looking
limate risk metrics, which assess the transition risk at the individual firm level.1 For our company sample, we obtain transition
isk assessments from 14 providers (see Table C.7). We restricted our analysis sample to 69 metrics from 9 providers, who fulfilled
he following criteria: (1) the metrics provided aggregate information on climate risks at the firm and regional level, and (2) data
ere provided for more than half of the firms in the sample. Our final analysis sample consists of 105,466 observations.

To identify the most important drivers of climate risk metric values, we built on previous analyses of the core features of climate
isk metric providers (Bingler and Colesanti Senni, 2022; Bingler et al., 2020) and set up a detailed questionnaire for the tool
roviders to obtain information on the relevant drivers. We then ask the providers to add to the questionnaire any further drivers
hat we might have overseen and that they would consider relevant. Each provider filled in the detailed questionnaire on the key
ssumptions and drivers of their metrics Based on their responses and bilateral exchanges, we identified six core categorical variables
hat are likely to exert the largest influence on the final risk value. The variables include the underlying climate scenario-specific
ariables, namely the temperature target in degrees Celsius, which consists of 5 possible levels (1.5 ◦C, below 2 ◦C, 2 ◦C, 3 ◦C, not
pplicable2) and the horizon of the analysis,3 with 6 levels (2025, 2030, 2040, 2050, 2100, not applicable). Moreover, we identify
rovider-specific variables to capture the methodology applied to translate the climate scenario developments into climate financial
isk values. These include the output type, which can take four values (Balance sheet effects,4 Financial asset metric,5 Alignment
ap, Risk score). We also define individual dummies for the inclusion of firm climate targets, and CAPEX plans in the methodology.
inally, we create a categorical variable for the model approach, which can be top-down, bottom-up, or combined (both top-down
nd bottom-up). Table 1 provides the definitions of the explanatory variables. For a descriptive variables overview, Table D.8 in
he Appendix provides the weights of the different categories for each of the explanatory variables.

. Results

We find that climate risk metrics display a significant degree of heterogeneity, which reflects the complexity of assessing climate
isks, as well as the different methodologies and data underpinning these metrics. Yet, risk assessments across metrics tend to
onverge on firms that are most exposed to transition risks. Second, we find strong evidence that the methodology adopted and

1 Note that we also include an alignment metric, as the output can be used as a proxy for risk through gap analysis.
2 The category ‘‘not applicable" implies that the variable is not an input in the provider’s assessment approach.
3 Note that this is not the horizon of the scenario. For example, a provider might employ a scenario that runs until 2100, but the horizon of the analysis is

or example the risk in 2030 or 2050.
4 Assessing the effect of a scenario outcome on the cost and return structure of a specific firm.
5 Assessing the effect of a scenario outcome on the value of a financial asset (bond, equity, etc.) and/or a portfolio of financial assets.
2
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Table 2
Drivers of coherence across provider.

Absolute distance Agreement rate

Intercept 1.56∗∗∗ 0.208∗∗∗

Same Horizon −0.02∗ 0.007∗∗

Same Temperature −0.07∗∗∗ 0.012∗∗∗

Same Shape −0.07∗∗∗ 0.018∗∗∗

Same Output −0.01 0.015∗∗∗

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.

Table 3
Convergence of high-risk exposed firms: difference in pairs (left), pairs per quintile
(right)

0 30
1 6
2 −8
3 −27
4 −20

1 6
2 −6 13
3 −2 40 34
4 −11 22 3 −8
5 −20 −42 −45 −15 105

1 2 3 4 5

the inclusion of forward-looking information affect the estimated risk value more than the underlying scenario. Last, we show that
within the same modeling approach, lower temperature targets increase risk estimates, longer time horizons increase the estimated
risk, and an orderly transition scenario delivers lower risk estimates than a disorderly transition scenario.

3.1. Convergence across risk metrics

To assess the convergence between metrics, we first rank the firms according to their metric-specific estimated risk exposure.
e then classify them into five risk categories — from 1 for the least exposed firms to 5 for the most exposed firms. The indicators

hat we consider to assess the degree of convergence between pair of metrics are the average difference for a firm risk category
etween the two metrics (‘‘Absolute distance’’, AD) and the percentage of firms with identical risk categories in the two metrics
‘‘Agreement rate’’, AR).

We look at the convergence between providers and explore whether the scenarios underlying the output of providers are
ssociated with changes in the coherence between two metrics. For that, we assess whether the coherence increases when they
re based on similar hypotheses for the horizon of their assessments, for the temperature target that they consider and for the shape
f the transition that they model.6 Our results show that metrics sharing similar scenario characteristics, having similar horizon,
emperature target and hypotheses on the shape of the transition improves the coherence between metrics both when measured
ith the AD and the AR (see Table 2).

Metrics from different providers tend to converge more for firms that are the most exposed to transition risk. To show that,
e estimate the excess frequency of observing a combination of assessments for the same firm in our sample compared to the

requency that would occur if assessments were fully heterogeneous. To reflect the fact that characteristics of metrics might impact
he coherence, we only compare only the pairs of assessment for metrics that have a similar horizon, temperature targets, hypotheses
n the shape of the transition, and output indicators (see Table 3).

.2. Across-metrics analysis

The assessments produced by the different metric providers are expressed in different units and scales, which makes comparison
ifficult. To overcome this issue, we rescale the risk assessments according to

𝑦𝑖,𝑗 =
𝑦𝑟𝑎𝑤𝑖,𝑗 − 𝑚𝑖𝑛(𝑦𝑟𝑎𝑤𝑗 )

𝑚𝑎𝑥(𝑦𝑟𝑎𝑤𝑗 ) − 𝑚𝑖𝑛(𝑦𝑟𝑎𝑤𝑗 )
,

where 𝑖 denotes the firm and 𝑗 the metric. The rescaling produces a new vector of assessments for each metric from the different
providers, with values ranging between 0 and 1.

To formally identify the main drivers of the divergence, we use a robust to outliers panel OLS with heteroskedasticity- and
cluster-robust standard errors. Note that in our specification the panel dimension is given by the same firms being assessed across
several providers rather than across time. We use as dependent variable the deviation in the risk assessment for company 𝑖 by metric

6 Concretely, we divide metrics between those with an assessment horizon between 2025 and 2040, and those with a longer horizon, between the metrics
◦ ◦
3

ith a temperature target of 2 C or below and those above 2 C, and those that models an orderly or a disorderly transition.
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Table 4
Panel OLS regression for the impact of metrics characteristics on firms’
risk assessments.

Main model LASSO reduced
PanelOLS PanelOLS

Constant −0.509∗∗ −0.352∗

(0.222) (0.202)
Scenario

temp_target_1.5 baseline baseline

temp_target_b2 −0.129 −0.143
(0.199) (0.150)

temp_target_2 −0.124 −0.124
(0.241) (0.163)

temp_target_3 −0.149 −0.115
(0.176) (0.150)

temp_target_na 0.228 0.198
(0.215) (0.181)

temp_horizon_2025 baseline baseline

time_horizon_2030 0.042 0.042∗∗

(0.032) (0.018)
time_horizon_2040 0.109∗ 0.094∗∗

(0.064) (0.039)
time_horizon_2050 0.119 0.087

(0.107) (0.055)
time_horizon_2100 −0.060 −0.133

(0.109) (0.146)
time_horizon_na −0.400∗∗∗ −0.223

(0.123) (0.169)
Methodology

output_balancesheeteffect baseline baseline

output_finmetric 0.559∗ 0.356∗

(0.315) (0.202)
output_gap 0.578∗∗∗ 0.193

(0.139) (0.148)
output_riskscore 0.281∗∗∗ 0.082

(0.057) (0.088)

firm_target_0 baseline baseline

firm_target_1 0.303∗∗∗ 0.203
(0.085) (0.137)

capex_0 baseline baseline

capex_1 0.565∗∗∗ 0.447∗∗∗

(0.089) (0.109)

approach_bottomup baseline baseline

approach_comb −0.322∗∗∗ –
(0.054) –

approach_topdown 0.096 0.217∗∗∗

(0.155) (0.076)

Fixed effects Firm Firm
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
— indicates variable has been dropped by LASSO

𝑗 from the average risk assessment of company 𝑖, that is, 𝑦̃𝑖,𝑗 = 𝑦𝑖,𝑗 − 𝑦𝑖, where 𝑦𝑖 = 1∕𝑃
∑𝑃

𝑗=1 𝑦𝑖,𝑗 is the average exposure of firm
𝑖 = 1,… , 𝑁𝑗 across providers 𝑗 = 1,… , 𝑃 . Our benchmark OLS regression equation is thus

𝑦̃𝑖,𝑗 = 𝛽0 +
𝐾
∑

𝑘=1
𝛽𝑘𝑧

𝑘
𝑗 + 𝜀𝑖,𝑗 ,

where 𝑖 denotes the company, 𝑧𝑘𝑗 is the 𝑘th characteristic of provider 𝑗 and 𝐾 is the total number of characteristics considered.
The results of our regression are reported in Table 4. We find that changes in the temperature target are not statistically

significant. Hence, we cannot infer that a higher temperature target, compared to the baseline (which is a 1.5 ◦C temperature target),
is associated with a lower risk assessment — even though the sign of the estimated coefficients is in line with our expectations as
a higher temperature target implies a less stringent transition and hence lower risk.

Adopting a longer time horizon of analysis is associated with higher risks until 2050 compared to the baseline (2025). This is
4

in line with the fact that most climate transition scenarios assume transition activities to start relatively slowly in the near future,
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ratcheting up ambition considerably until 2050, when the climate targets are then fulfilled. Yet, given that most of the coefficients
are statistically non-significant, we cannot infer that a longer time horizon is associated with first a higher and later a lower risk.
For the year 2100, the estimated coefficient (although non-significant) suggests that such a long time horizon is associated with a
lower risk, compared to 2025. This is likely because all transition activities are assumed to be implemented by then at the latest,
and the risks in the very distant future have – albeit being very uncertain – less impact on today’s economic and financial values
than risks in the near future. Specifying no time horizon compared to adopting the baseline horizon, is associated with a decrease
in risk, with a strongly statistically significant coefficient. This effect is likely to capture the fact that metrics, which do not account
for any time horizon, are structurally different from metrics that do assess climate transition pathways over time. Hence, this effect
might also capture modeling differences other than considering the time horizon itself.

In contrast to the temperature target and the time horizon, the types of output produced by the metric are statistically significant.
olding everything else constant, if the output is a financial indicator, a gap, or a risk score, the associated risk is higher than in

he case in which the output metric captures balance sheet effects. This effect has a similar magnitude for financial metrics and
lignment gaps and is a bit less pronounced for metrics that are risk scores. This finding suggests that the metrics’ output type is
n important driver of the metrics’ risk assessments. In other words, the modeling approach adopted to produce a specific output
ype is a key driver of the quantified risk exposure.

Considering individual firms’ climate targets and CAPEX plans in the climate transition risk metrics quantification is associated
ith a higher risk. The variables are both statistically significant at the 1% level and exhibit a strong quantitative effect. Intuitively,

irms’ climate targets should be associated with higher risks, since the firm would be better prepared for the transition. However,
he climate targets might not be sufficient for companies to align their activities with the transition. Hence, one reason for this
esult could be that analysts looking at the firm climate targets consider them as not sufficient, and hence find the respective firms
iskier. With regards to the CAPEX plans, similar considerations can be made: Today’s CAPEX plans are rarely aligned with what
ould be required to achieve the climate targets. On the opposite, they currently tend to lock-in companies into carbon-intensive

echnologies. Considering this lock-in effect in the risk analysis intensifies the anticipated transition risks.
Finally, holding everything else constant, adopting a combined top-down and bottom-up approach compared to a bottom-up

pproach is associated with lower risk. Adopting a top-down approach does not have a significant impact on the risk assessment.
To check how our model would perform in predicting the risk exposure of companies, we also apply a LASSO regression to our

odel. The results are also reported in Table 4. Overall, we see that the LASSO estimates confirm the result obtained with the simple
obust OLS regression in terms of coefficient signs, and in most cases also in terms of the magnitude of the estimated effect. Yet, as
ould be expected, the statistical significance of most coefficients is lower, except for the inclusion of CAPEX and the firm target
ariables.

The LASSO regression coefficients suggest that for the out-of-sample understanding of key risk drivers, the time horizon, CAPEX
onsiderations, and the approach are important. The fact that the LASSO did not confirm the statistical significance of the output
ype, provides a hint that our intuition from the full sample linear regression from before might be reasonable. The output type
ariables might capture very specific analysis decisions and modeling approaches adopted by the metric provider, which we were
ot able to capture by the explanatory variables in the present analysis.

.3. Within-provider analysis

Some providers deliver multiple specifications for their metrics. Specifically, they assessed the companies in our sample for
ifferent temperature targets, time horizons, and transition paths. We thus run an OLS regression to investigate the impact of these
haracteristics on the output produced by the same provider. We rescale the risk assessment by the smallest and largest value
omputed by the provider across all specifications instead of within a specific metric as before. We use heteroskedasticity-robust,
ut not cluster-robust standard errors because we focus on one provider in each regression. Accordingly, the number of metrics and
he explanatory variables vary across the regressions, depending on the various metric specifications that were provided. The results
re reported in Table 5.

Overall, we see that within a certain metric, temperature target, horizon, and transition path matter for the risk assessment. The
rovider delivering Metrics 5–6 produced the results reported in the first column. A below 2 ◦C temperature target is associated

with a higher risk compared to a 2 ◦C target. The provider of Metrics 7–30 assessed risks for multiple temperature targets and time
horizons under two different assumptions about firms’ behavior (without adaptation/inaction; with adaptation/mainstream). In this
case, considering a 3 instead of a 2 ◦C temperature target decreases the risk, as expected. Considering a below 2 ◦C instead of a
2 ◦C target is associated with a higher risk. A longer time horizon is associated with a lower risk compared to the baseline horizon
of 2025, but the coefficients are not significant. Assuming that additional climate transition activities become mainstream across all
firms is associated with a lower risk, compared to the situation in which companies are inactive in the transition and just follow the
market because it implies that companies are more ready for the transition. For the provider of Metrics 31–46, all the coefficients
for the temperature targets have the expected sign, as the risk decrease when considering a higher temperature target compared
to a temperature target of 1.5 ◦C. Considering a longer time horizon is associated with higher risks, compared to the baseline year
2025. Yet, the estimate for 2030 is not statistically significant. This provider assesses a delayed and an immediate transition. The
assumption of an immediate transition pathway increases the risk, but not significantly. The results for the fourth providers’ Metrics
53–64 show that, again, a higher temperature target is associated with lower risk compared to the baseline of 1.5 ◦C. In addition,
5

for this provider, a longer time horizon is always associated with higher risk. Finally, for the provider of Metrics 66–73, a longer
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Table 5
Panel OLS estimation for the impact of temperature targets and time horizon on risk assessment for
various providers.

Dependent variable: Firm risk assessment value

Provider A Provider B Provider C Provider D Provider E

Constant −0.355∗∗∗ 0.269∗∗∗ 0.289∗∗∗ −0.467∗∗∗ −0.525∗∗∗

(0.001) (0.0003) (0.0004) (0.001) (0.0004)
Scenario

temp_target

temp_target_1.5 baseline baseline
temp_target_b2 0.006∗∗∗ 0.004∗∗∗ −0.021∗∗∗

(0.002) (0.0003) (0.001)
temp_target_2 baseline baseline −0.001∗∗∗ −0.026∗∗∗

(0.0003) (0.001)
temp_target_3 −0.002∗∗∗ −0.003∗∗∗

(0.0003) (0.0005)

time_horizon

time_horizon_2025 baseline baseline baseline baseline baseline
time_horizon_2030 −0.001∗ 0.0003 0.006∗∗∗ 0.003∗∗∗

(0.0003) (0.0003) (0.001) (0.001)
time_horizon_2040 −0.0003 0.002∗∗∗ 0.008∗∗∗ 0.007∗∗∗

(0.0003) (0.0003) (0.001) (0.001)
time_horizon_2050 −0.0001 0.003∗∗∗ 0.011∗∗∗ 0.009∗∗∗

(0.0004) (0.0003) (0.001) (0.001)
Assumptions

adaptation

adaptation_1 −0.011∗∗∗

(0.0002)

immediate_transition

immediate_transit_1 0.00004 −0.002∗∗∗

(0.0003) (0.0004)

Fixed effects Firm Firm Firm Firm Firm
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
means option not available from provider.

time horizon is always associated with higher risk, compared to the baseline horizon of 2025. Differently from Metrics 31–46, an
immediate transition is associated with lower risk.

Like before, to provide some out-of-sample performance check of our results, we run a within-provider LASSO regression. The
results are reported in Table 4. The results are consistent with the ones obtained with traditional OLS except for the fact that in the
case of the provider of Metrics 7–30, 31–46, and 66–73, the variable time_horizon_2030 was dropped.

4. Discussion and conclusion

We analyze whether climate transition risk metrics of different providers converge or diverge for a sample of 1565 firms, and
which underlying metric characteristics (i.e. scenario and modeling choices) are associated with changes in the estimated values.

First, we find that climate transition risk metrics display a significant degree of heterogeneity, although they tend to converge
for those firms that are assessed as most exposed to transition risks. Second, we find evidence that the metrics underlying the
estimation methodology affect the estimated risk value more than the chosen scenario assumptions. Third, we show that within
the same provider (i.e. with the same modeling approach), lower temperature targets increase risk estimates, longer time horizons
increase the estimated risk, and an orderly transition scenario delivers lower risk estimates than a disorderly transition scenario.

Our results have important implications for the use of climate risk metrics. First, our finding that metrics tend to converge
on which firms are the most exposed to transition risks shows that, despite the general heterogeneity, they provide a signal and
information on the highest transition risk exposures. Second, the scenario and methodology underlying the metrics do have a
considerable impact on the magnitude of the estimated risk. It is therefore important to understand how metrics are built and
estimated, to choose the ones that are the most appropriate for specific use-cases. Third, firms, which disclose climate risks should
also report the underlying methods, data sources, and scenario assumptions in addition to the metrics’ values, to allow third parties
to properly understand the disclosed information.

The present analysis focused on understanding the drivers of risk valuations, without assessing which underlying models are
best suited to assess climate risk. Identifying which models would be best is beyond the scope of our analysis, and is left for future
research. Also, despite the careful selection of variables, our findings could be enriched with more granular information on the
modeling setup, and which specific assumptions and modeling decisions by the providers have the largest influence on the resulting
estimated risk value. With regards to the comparability of the metrics, we furthermore had to re-scale the values to a common
6
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baseline. This approach entailed a certain loss of information. Future research should identify methods for comparing the estimated
risk values without the loss of information on the relative assessments of the specific metric across the entire sample.

For finance research and academia, our results show that an explicit justification of the selection of a specific climate risk metric,
nstead of just using any metric which is available, should become a standard quality criterion. This also implies that all findings
hould be interpreted in the light of the metric assumptions.
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