Supplementary Information (Online Resource)

Forecasting NDC non-compliance: Economic structure, national capacity and the limits of climate finance

This file contains the five online resources cited in the manuscript, in the order in which they are first mentioned: Online Resource 1, literature on climate finance and NDC implementation; Online Resource 2, extended data and methods; Online Resource 3, the country-level distance to the 2030 target; Online Resource 4, extended robustness and the double machine learning fold correction; and Online Resource 5, the causal-layer tables C1 to C5.

Online Resource 1

Table A1. Synthesis of the state of the art
	Author (Year)
	Research problem
	Data and method
	Main result
	Dialogue with the present study

	Halimanjaya (2015)
	Which characteristics of developing countries determine selection as a recipient of mitigation finance and the volume received? Do the determinants differ from those of traditional poverty reduction aid?
	Two-part model on Rio Marker data from the OECD Creditor Reporting System (CRS), 1998-2010, 180 developing countries, of which 148 received resources. Selection stage by logit and allocation stage by OLS, with robust standard errors and robustness checks using regional, REDD+ and coalition dummies.
	Countries with higher CO₂ intensity, larger carbon sinks, lower GDP per capita and good governance tend to be selected and to receive larger volumes. Absolute CO₂ emissions do not operate as a determinant at the commitment stage, only at actual disbursement. Lower middle-income countries concentrate 64% of mitigation finance and least developed countries receive 6.4%, while poverty aid goes mostly to low-income countries (51.9%).
	Establishes that mitigation finance allocation responds to mitigation capacity and governance quality, and not to the size of emissions. Supports the use of institutional and land use indicators as predictors of compliance, and anticipates the budget competition between climate finance and poverty aid.

	Buchner et al. (2023)
	What are the trends, actors and composition of global climate finance flows, covering public and private sources for mitigation and adaptation?
	Comprehensive tracking and quantitative analysis of financial flows from public and private sources at the global level, compiled in the “Global Landscape of Climate Finance” database. Standardized methodology to categorise by source, instrument, channel and use.
	Global climate finance reached new records, yet remains insufficient against needs. Most finance goes to mitigation, above all renewable energy, with a persistent deficit for adaptation. Flows divide almost evenly between public and private actors, with 49% of private origin, and the private contribution depends on public policies and on public finance for leverage.
	Provides the macro picture that frames the NDC challenge. The deficit, above all for adaptation, signals systemic risk for target compliance and reinforces the need to understand factors affecting the allocation of existing resources.

	Betzold & Weiler (2017)
	How does the commitment to prioritize “particularly vulnerable” countries translate into the actual allocation of bilateral adaptation aid? Do vulnerable countries receive more support?
	Quantitative analysis of OECD/CRS data on bilateral adaptation aid (2011-2014) in 144 developing countries. Hierarchical regression models with indicators of vulnerability and adaptive capacity (GDP per capita).
	Vulnerability is an important predictor of adaptation aid allocation. More exposed countries receive more finance. There is a bias toward middle-income countries, democracies and small populations.
	Offers evidence on the determinants of adaptation finance and suggests partial alignment with normative objectives. Also indicates that political and economic biases may leave poorer countries underfunded, which relates to NDC implementation risk.

	Weiler et al. (2018)
	Does bilateral adaptation aid respond to recipient need, to recipient merit, or to donor interests?
	Quantitative analysis of OECD/CRS data on bilateral adaptation aid between 2010 and 2015, with measures of physical exposure, adaptive capacity, governance quality and donor economic interests.
	Donors partly take vulnerability into account: more exposed countries, poorer countries and small island states receive more. Countries with lower adaptive capacity, however, do not receive more. Donors reward well governed countries and use adaptation aid to advance their own economic interests. Adaptation flows track general aid flows closely.
	Shows that execution capacity enters the allocation decision alongside need, which supports treating observable characteristics of the flows as a signal of the recipient’s implementation environment.

	Pickering et al. (2015)
	How did interministerial dynamics (aid, environment, finance and so on) in seven donor countries shape their approaches to climate finance?
	Qualitative analysis based on 29 interviews with government officials from seven countries, complemented by quantitative comparison of indicators from Fast-Start Finance (2010-2012) and from Official Development Assistance (ODA).
	Resource allocation involves interministerial disagreements, above all over the balance between mitigation and adaptation. Development ministries tend to favor adaptation; environment and finance ministries prioritize mitigation.
	Shows that allocation is a political process. NDC non-compliance risk involves not only a shortage of funds, but misalignments and conflicting priorities within donor governments, with possible delays and inefficiencies.

	Lundberg & Lee (2017)
	How can predictions of complex ML models (trees, forests and the like) be explained faithfully to the model and understandably?
	Proposes the SHAP method, based on Shapley values from cooperative game theory, to attribute to each variable a contribution to a specific prediction.
	SHAP provides a theoretical structure for local explanations, with desirable properties (such as consistency and local additivity), supporting the decomposition of complex predictions and the understanding of model decisions case by case.
	Makes interpretable the ML models applied to NDC implementation risk, by decomposing which factors most influence the predictions by country and generating inputs for policy design and prioritization.

	Fekete et al. (2021)
	Which sectoral mitigation policies implemented by the large emitters led to proven departures from the baseline emissions trajectory, and how much would global replication of that performance reduce emissions by 2030?
	Five-stage review of sectoral policies in China, the European Union, India, Japan and the United States, which together account for 55% of global emissions in 2018, covering sectors responsible for 85% of emissions. Historical performance is measured through energy and emission indicators by sector, and the global replication scenario is projected through two independent frameworks, the IMAGE integrated model with the TIMER energy module and a bottom-up calculation, with land use and agriculture projected by GLOBIOM and G4M.
	There are policies with a proven departure from the trend in renewable electricity, passenger vehicles and forests, while industry, buildings and freight transport lack comprehensive policies or comparable information. Global replication of sectoral performance would reduce emissions from 51.5 GtCO₂e in 2015 to 46.6 to 48.6 GtCO₂e in 2030, a reduction of 19% to 21%, or 11.7 to 12.1 GtCO₂e, relative to the current policies scenario. All the economies analyzed would exceed the targets of their own NDCs, and even so the outcome does not keep the world on the least cost trajectory compatible with 2°C.
	Supports the framing of this article by showing that the compliance deficit does not follow from ignorance of effective policies, since such policies exist and are identifiable. In recording that execution capacity is the element left unmodelled and that varies across countries, the authors locate the gap this study occupies, which is forecasting who fails from observable characteristics of the implementation environment.

	Roelfsema et al. (2020)
	Are the national climate policies in force sufficient to meet the NDCs and the temperature targets of the Paris Agreement?
	Public policy database combined with multi-model scenario analysis for the G20 countries, with emission projections under current policies compared against the NDCs and against least cost trajectories.
	Current policies leave a median gap of 22.4 to 28.2 GtCO₂e in 2030 relative to the well below 2°C and 1.5°C trajectories. Full implementation of the NDCs would reduce the gap by one third. The countries assessed do not reach what was promised with the policies implemented, which constitutes an implementation gap, or show an ambition gap relative to optimal trajectories.
	Provides the distinction between implementation gap and ambition gap that delimits the scope of this article, since the NCGI measures the former. Confirms that non-implementation is an observed fact, and not a hypothesis.

	Peterson & van Asselt (2025)
	Which risks threaten NDC implementation, and how do countries group by risk profile?
	Identification of five implementation risks in 21 countries and the European Union, with cluster analysis to group countries by configuration of constraints.
	The five risks are NDC ambition, institutional capacity, interest group opposition, policy inconsistency, and monitoring and enforcement. Four groups emerge, three of which face threats to full compliance. Short term threats connect to a lack of political will, associated with a weakened civil society and entrenched fossil interests, while institutional capacity is a structural constraint. Uniform support mechanisms tend to be ineffective.
	Is the closest antecedent to this article and defines the contrast. The convergence regarding the role of institutional capacity corroborates the SHAP decomposition obtained here, while the coverage, the chronological validation and the annual updating of the NCGI constitute the advance.

	Rashid, Khan & Haque (2023)
	Does the climate finance received raise the mitigation ambition declared by recipient countries?
	Quantitative analysis with the updated NDCs and climate finance data, through two estimation strategies, with controls for income, share in global emissions, emissions per capita and population.
	The effect of climate finance on mitigation ambition is positive, yet statistically insignificant. The effect is larger in least developed countries and smaller in small island states. Finance is not yet the determining factor behind the raising of targets, contrary to what the earlier literature assumed.
	Is the direct antecedent of the null result reported here, obtained over a different outcome. This article extends that finding by replacing promised ambition with the distance between observed emissions and target, and by testing the design of finance in place of volume.


Authors’ elaboration. Research results.

Online Resource 2

Extended data and methods

This resource details the data construction and the modeling choices summarized in section 3 of the article.

Sample and filters

The panel covers the economies outside Annex I of the UNFCCC, the recipients under the Convention, because 85% of them declare a target conditional on external support, against 5% among Annex I members (Norway and Turkey excepted), so that testing whether finance design explains compliance makes sense only for countries that can condition ambition on the support received. Three operational filters keep the indicator computable and comparable: a submitted and quantifiable NDC, without which there is no target against which to compare the trajectory; an emissions series in PRIMAP-hist with at least ten consecutive years, since the projection starts from the recent trend and a short series would be unstable; and finance recorded in the OECD CRS in at least five years of the period, so the ratios describing the design of support are not computed over sporadic flows. A population cutoff of 500,000 inhabitants also applies, and 104 countries remain in the reference specification.

Emissions and target quantification

The emissions series is PRIMAP-hist version 2.7, national totals of the Kyoto gases in CO₂eq with AR4 factors over a hundred-year horizon, excluding LULUCF, the core reported most comparably across countries. The 2030 target is converted to MtCO₂eq from the coding of Günther et al. (2021), which quantifies the conditional and unconditional target of each country separately. Where the tool produces a range for ambiguously worded targets, the more ambitious bound is adopted, making the indicator conservative against the country in easing the identification of non-compliance, and where a country appears with more than one compatible target line, the median across those lines is used.

Target snapshot held constant

The quantification is a snapshot of the NDCs in force in April 2021, incorporating updates submitted through the end of 2020, and the resulting target is held constant across the panel, because NDCmitiQ is published as a single version rather than a continuously updated series, so for the 104 countries there is no later publication with the same coverage and conventions. Annual variation of the indicator therefore reflects the emissions trajectory and not the revision of ambition. The direction of the bias is known: NDC revision raised ambition in most cases, so measuring compliance against the 2021 targets tends to understate risk, and section 4.4 gauges that effect against a revised target from a second source.

Warming-potential metric

The quantification is published in AR4 potentials, which is why the emissions series is taken in the same metric, favoring the internal consistency of the indicator, a ratio between projected trajectory and target, over the currency of the metric. Using AR6 emissions against AR4 targets would inflate the numerator relative to the denominator in methane-intensive countries, precisely those with diffuse emissions from agriculture and land use, and converting the targets to AR6 is not possible from the published quantification, which reports the aggregate level in CO₂eq and not the composition by gas. The effect on the diagnosis is small: the rank correlation of the indicator between the two metrics is 0.999 and no country changes classification, even though AR6 emissions are on average 3% higher.

Conditional and unconditional targets

The conditional target is what a country would reach with the external support declared as necessary, and the unconditional target what it undertakes with its own resources, so the conditional is by construction at least as ambitious. Comparing the same projection with both separates non-compliance from failed domestic execution from non-compliance responding to the absence of promised support, a distinction the literature often merges into a single number (Roelfsema et al., 2020) and a sensitive point in the design of the Paris Agreement (Pauw et al., 2020). The reference specification adopts the conditional target, declared by almost the entire sample, and the unconditional reading enters as a check; coverage differs, since not every NDC declares a quantifiable unconditional target, so the comparison is made only in the subset declaring both.

Robustness source for the target version

The PBL Climate Pledge NDC tool (den Elzen et al., 2024), maintained by the Netherlands Environmental Assessment Agency, quantifies the mitigation components of 144 Parties with data updated to March 2024 and reports, for the same country, the 2030 target of the NDC in force and that of the previous NDC, in AR4 potentials on a PRIMAP base. The correlation with the reference quantification is 0.98. The database does not replace the reference source because it delivers a single accounting coverage per country, which would rule out computing the indicator with and without land use, but it isolates the effect of the target version on the diagnosis.

Finance variables

The treatment variables describe the design of support reported to the CRS, restricted to flows of public origin, and enter lagged by one year relative to the outcome and aggregated over a three-year rolling window, so the effect of design is read net of the size of the flow and reverse simultaneity is broken. Fragmentation is the complement of the Herfindahl-Hirschman index of donor shares, rising when many donors split small shares (Aldasoro et al., 2010); concessionality is the ratio between the grant equivalent and the amount committed in the window; and predictability is the ratio between what was disbursed and what was committed, with values close to one indicating that what was promised arrives. Volume enters as a scale control through the logarithm of disbursement, and the number of donors complements fragmentation.

Algorithms, metrics and tuning

The two outcomes are estimated independently, each with its own tuning, algorithm selection and SHAP decomposition, sharing only the regressors and the temporal split. Under the same split, the study compares a linear baseline (ridge regression in the continuous version and regularized logit in the binary one), a random forest, four gradient-boosting implementations (histogram-based gradient boosting, XGBoost, LightGBM and CatBoost) and a multilayer perceptron. Validation respects chronological order, training on the early years and testing on the later ones, to reproduce the actual use of the diagnosis and avoid leakage of the future (Bergmeir et al., 2018). For regression, the out-of-sample coefficient of determination, the RMSE and the MAE are reported; for classification, the AUC-ROC and the precision-recall AUC, the appropriate measure under class imbalance, in which the ROC may overstate performance (Saito & Rehmsmeier, 2015). Missing values follow each algorithm’s requirement: tree models handle them natively, learning at each split the direction toward which to send observations without a value, while the linear baseline and the perceptron use median imputation estimated only on the training set, as the first stage of a chained pipeline, without information leakage.

Online Resource 3

Table B1. Ranking of the 104 countries by the distance between the projected trajectory and the target of their own NDC, 2024
	Rank position
	Country
	Distance to target (%)
	2024 emissions (MtCO₂e)
	Status

	1
	Pakistan
	-65.6
	456.1
	Below target

	2
	Bhutan
	-64.1
	2.0
	Below target

	3
	Uzbekistan
	-60.6
	222.8
	Below target

	4
	Trinidad and Tobago
	-60.5
	37.8
	Below target

	5
	Marshall Islands
	-56.3
	0.2
	Below target

	6
	Paraguay
	-53.0
	30.0
	Below target

	7
	Malaysia
	-52.5
	366.5
	Below target

	8
	Liberia
	-46.6
	3.8
	Below target

	9
	Haiti
	-40.1
	11.7
	Below target

	10
	Guinea
	-40.0
	18.8
	Below target

	11
	Burundi
	-33.2
	4.6
	Below target

	12
	Benin
	-32.4
	19.3
	Below target

	13
	Georgia
	-25.7
	19.5
	Below target

	14
	Jordan
	-22.5
	32.7
	Below target

	15
	Ethiopia
	-22.0
	142.9
	Below target

	16
	Armenia
	-21.0
	12.0
	Below target

	17
	Vietnam
	-18.7
	528.2
	Below target

	18
	Bangladesh
	-17.0
	231.4
	Below target

	19
	Indonesia
	-16.6
	1,137.4
	Below target

	20
	Mauritius
	-16.3
	6.3
	Below target

	21
	Vanuatu
	-14.7
	0.5
	Below target

	22
	Honduras
	-10.3
	20.7
	Below target

	23
	Eritrea
	-10.0
	7.2
	Below target

	24
	Sri Lanka
	-9.3
	33.6
	Below target

	25
	Cambodia
	-7.0
	45.8
	Below target

	26
	Central African Republic
	-5.8
	23.6
	Below target

	27
	Thailand
	-5.7
	382.8
	Below target

	28
	North Macedonia
	-4.3
	10.5
	Below target

	29
	Niue
	-3.3
	0.0
	Below target

	30
	Mongolia
	-2.6
	52.1
	Below target

	31
	Djibouti
	-0.5
	1.4
	Below target

	32
	Gambia
	-0.4
	2.3
	Below target

	33
	Tanzania
	0.3
	100.6
	Below target

	34
	Fiji
	1.7
	2.5
	Below target

	35
	Lebanon
	5.9
	20.6
	Above target

	36
	Chile
	5.9
	101.2
	Above target

	37
	Zimbabwe
	6.1
	28.2
	Above target

	38
	Morocco
	6.9
	97.9
	Above target

	39
	Bosnia and Herzegovina
	7.8
	32.2
	Above target

	40
	Guatemala
	7.9
	34.8
	Above target

	41
	Uganda
	8.8
	53.2
	Above target

	42
	Congo
	9.7
	22.7
	Above target

	43
	Madagascar
	9.9
	37.0
	Above target

	44
	South Africa
	12.8
	484.0
	Above target

	45
	Panama
	13.8
	22.6
	Above target

	46
	Lesotho
	16.0
	4.5
	Above target

	47
	Kazakhstan
	16.7
	354.8
	Above target

	48
	Nepal
	17.8
	57.2
	Above target

	49
	Mozambique
	19.2
	49.0
	Above target

	50
	Afghanistan
	20.5
	50.6
	Above target

	51
	Cook Islands
	23.4
	0.1
	Above target

	52
	Senegal
	25.8
	31.9
	Above target

	53
	Venezuela
	26.2
	167.3
	Above target

	54
	Mali
	26.3
	82.2
	Above target

	55
	Mexico
	28.8
	757.2
	Above target

	56
	Yemen
	28.9
	41.2
	Above target

	57
	Kyrgyzstan
	30.0
	19.0
	Above target

	58
	Cabo Verde
	30.7
	1.2
	Above target

	59
	Equatorial Guinea
	34.2
	10.3
	Above target

	60
	Tajikistan
	36.8
	20.0
	Above target

	61
	Mauritania
	38.4
	11.2
	Above target

	62
	Solomon Islands
	38.6
	0.6
	Above target

	63
	Algeria
	39.3
	243.7
	Above target

	64
	Nicaragua
	42.6
	20.6
	Above target

	65
	Saint Lucia
	42.7
	0.8
	Above target

	66
	Tonga
	44.4
	0.3
	Above target

	67
	Bahamas
	45.2
	3.2
	Above target

	68
	Saudi Arabia
	52.4
	851.8
	Above target

	69
	Oman
	57.1
	110.2
	Above target

	70
	North Korea
	60.9
	72.2
	Above target

	71
	Democratic Republic of the Congo
	62.0
	97.7
	Above target

	72
	Kenya
	63.9
	64.8
	Above target

	73
	Sao Tome and Principe
	67.7
	0.3
	Above target

	74
	Burkina Faso
	68.0
	33.0
	Above target

	75
	Iran
	70.6
	1,101.9
	Above target

	76
	Eswatini
	70.9
	2.8
	Above target

	77
	Jamaica
	78.6
	13.8
	Above target

	78
	Dominican Republic
	98.9
	45.5
	Above target

	79
	Malawi
	103.6
	16.2
	Above target

	80
	Rwanda
	110.9
	13.4
	Above target

	81
	Tunisia
	116.1
	48.1
	Above target

	82
	Dominica
	116.8
	0.3
	Above target

	83
	Moldova
	121.3
	12.8
	Above target

	84
	Chad
	123.7
	57.7
	Above target

	85
	Saint Kitts and Nevis
	133.7
	0.4
	Above target

	86
	Seychelles
	136.1
	0.8
	Above target

	87
	Côte d’Ivoire
	175.0
	58.1
	Above target

	88
	Zambia
	178.4
	39.7
	Above target

	89
	Philippines
	210.0
	269.5
	Above target

	90
	Belize
	217.5
	1.8
	Above target

	91
	Botswana
	225.0
	25.9
	Above target

	92
	Nigeria
	254.9
	327.2
	Above target

	93
	Peru
	280.5
	115.4
	Above target

	94
	Colombia
	320.0
	194.3
	Above target

	95
	Ghana
	325.3
	53.2
	Above target

	96
	Grenada
	329.3
	0.6
	Above target

	97
	Kiribati
	336.8
	0.1
	Above target

	98
	Togo
	837.9
	36.2
	Above target

	99
	Namibia
	940.6
	13.0
	Above target

	100
	Niger
	1,153.5
	38.3
	Above target

	101
	Barbados
	1,291.2
	4.0
	Above target

	102
	Angola
	1,444.6
	79.9
	Above target

	103
	Comoros
	2,622.3
	0.8
	Above target

	104
	Laos
	8,052.4
	35.8
	Above target


Authors’ elaboration. Note: the distance to the target is the NCGI, which compares emissions projected for 2030, from the recent trend, with the conditional NDC target of the country itself, both excluding land use. Negative values indicate a projection below the target. The gradient runs from green, for countries whose trajectory already places them within the commitment, to red, for those departing furthest from that commitment. Countries with a distance above 5% are classified as above target.

Online Resource 4
Extended robustness and causal inference
This resource reports in full the eight robustness lines summarized in section 4.4 and the correction applied to the causal estimation. The complete tables are Tables C1 to C5 in Online Resource 5.

Target family

Replacing the conditional target, adopted in the reference, with the unconditional one, declared by 77 countries, lowers the share at risk from 67% to 42% and the median from 26% to -2%, an expected difference because the unconditional target is less ambitious by construction. The ordering across countries is preserved, with a rank correlation of 0.90 in the 58 countries declaring both, out-of-training performance holds, the finance dimensions remain in the lower third of the ranking and no effect estimate reaches significance at 5% (Table 5).

Target version

Replacing the target with its revised version, following the PBL Climate Pledge NDC tool, which reports the target of the NDC in force and that of the previous NDC (correlation 0.98 with the reference), raises the share at risk from 38% to 64% across the 55 countries with both values of the unconditional target, since 42 of them revised the commitment downwards, so that using the unrevised target makes the diagnosis conservative.
Construction of the outcome

The two arbitrary choices embedded in the outcome are altered. The number of years used to compute the growth rate that projects emissions to 2030, five in the reference, is changed to three and to seven, and the share at risk varies only between 62% and 65%, with a median between 17% and 19%. The threshold above which a country is classified as at risk, five percentage points in the reference, is changed to zero, in which case any excess counts as non-compliance, and to ten, and the share at risk moves from 67% to 55%. Most countries remain outside the target even under the more demanding cutoff (Table C4).

Construction of the finance variables

Rebuilding the rolling windows with two and with five years instead of three keeps out-of-training performance between 0.49 and 0.52 of R² in the continuous outcome and between 0.85 and 0.88 of AUC in the binary one, and preserves the three dimensions in the lower third of the ranking. Replacing the one-year lag with the contemporaneous measure shifts the picture most, with fragmentation rising to 5th position, the reverse simultaneity the lag exists to break (Table C5).

Energy controls as mediators

International support could act through the diffusion of renewables and efficiency gains, so including the energy controls would absorb the mechanism the exercise intends to measure. Removing the three controls neither creates nor destroys a result: the pair of the conditional target without land use remains, with predictability between -62.0 and -90.2 and concessionality between -147.5 and -207.8, fragmentation continues to show a standard error large relative to the point estimate, and the other combinations stay statistically insignificant (Table C3). The structural controls barely vary within the same country along the panel, with within-variance shares between 0.1% and 7.7%, so no structural reconfiguration that finance could have caused occurred within the horizon.

Identification

The grid of specifications keeps the pair of the conditional target without land use in the dynamic and correlated-effects variants, with predictability between -37.8 and -58.3 and concessionality between -94.6 and -153.2, a persistence expected from selection that the lagged gap does not absorb in full, whereas fragmentation oscillates from -52.9 to 388.3 across variants (Table C1). The correlated-effects variant is illustrative and not decisive, since the country means absorb much of the identifying variation when treatments vary little within the country. The sensitivity analysis quantifies what the statistically insignificant results convey: to conceal an effect of predictability of ten percentage points over the interquartile range, an omitted confounder would need a partial R² of 0.14 in the reference specification and of 0.18 in the dynamic one, against at most 0.01 for government effectiveness in the same orthogonalized space, while for fragmentation the value falls to 0.02 (Table C2). A donor-side shift-share instrument, interacting each donor’s supply, excluding the recipient itself, with shares fixed in the pre-sample period (Nunn & Qian, 2014), shows a first stage with strength only for fragmentation, with a partial correlation of 0.46, and produces a negative and imprecise estimate.

Double machine learning fold correction

With a single cross-fitting partition, the coefficients oscillated with the random seed, at times switching sign, because observations of the same country are nearly identical across years, so a country could have observations in the training fold and in the estimation fold at once, and the nuisance functions memorized the country identity instead of learning the relation of interest. Three corrections were applied: the folds keep each country entirely on the same side of the split; standard errors admit within-country dependence; and cross-fitting is repeated twenty times with aggregation by the median, as protection against the draw.
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Table C1. Grid of specifications, conditional target without land use
	Specification
	Dimension
	Effect
	Standard error
	p-value
	95% CI
	n
	Countries

	Earlier
	Fragmentation
	225.9
	131.5
	0.086
	-56.1 to 483.7
	592
	74

	Earlier
	Concessionality
	-20.7
	21.1
	0.325
	-61.3 to 20.5
	592
	74

	Earlier
	Predictability
	-8.5
	6.3
	0.177
	-22.0 to 3.8
	592
	74

	Reference
	Fragmentation
	-52.9
	352.1
	0.881
	-844.3 to 637.3
	592
	74

	Reference
	Concessionality
	-153.2
	78.3
	0.050
	-315.9 to 0.3
	592
	74

	Reference
	Predictability
	-58.3
	20.7
	0.005
	-103.4 to -17.7
	592
	74

	Dynamic
	Fragmentation
	345.2
	218.2
	0.114
	-81.1 to 772.8
	592
	74

	Dynamic
	Concessionality
	-94.6
	43.6
	0.030
	-181.5 to -9.1
	592
	74

	Dynamic
	Predictability
	-37.8
	10.8
	0.000
	-62.3 to -16.7
	592
	74

	Correlated effects
	Fragmentation
	388.3
	270.4
	0.151
	-189.3 to 918.3
	592
	74

	Correlated effects
	Concessionality
	-96.5
	43.7
	0.027
	-186.1 to -10.9
	592
	74

	Correlated effects
	Predictability
	-42.8
	11.5
	0.000
	-64.8 to -20.3
	592
	74


Authors’ elaboration. Note: the earlier specification reproduces the version without country clustering and without volume, number of donors and year in the conditioning set; the dynamic one adds the outcome lagged by one year; the correlated effects one adds the country means of the treatment and of the covariates (Mundlak, 1978).

Table C2. Sensitivity to an omitted confounder (Chernozhukov et al., 2026)
	Specification
	Dimension
	RV, H0 = 0
	RV, H0 = 10 p.p. of the IQR
	Observed benchmark

	Reference
	Fragmentation
	0.011
	0.021
	0.010

	Reference
	Concessionality
	0.091
	0.101
	0.001

	Reference
	Predictability
	0.103
	0.141
	0.000

	Dynamic
	Fragmentation
	0.120
	0.106
	0.009

	Dynamic
	Concessionality
	0.097
	0.116
	0.005

	Dynamic
	Predictability
	0.116
	0.180
	0.004


Authors’ elaboration. Note: RV is the partial R², with outcome and treatment, that an omitted confounder would need in order to make the estimate compatible with the null hypothesis indicated; the observed benchmark is the partial R² of government effectiveness in the same orthogonalized space. Conditional target without land use.

Table C3. Robustness to the removal of the energy variables
	Outcome
	Configuration
	Dimension
	Effect
	p-value
	n

	Without land use, conditional
	with energy controls
	Fragmentation
	-52.9
	0.881
	592

	Without land use, conditional
	with energy controls
	Concessionality
	-153.2
	0.050
	592

	Without land use, conditional
	with energy controls
	Predictability
	-58.3
	0.005
	592

	Without land use, conditional
	without energy controls, same sample
	Fragmentation
	55.7
	0.867
	592

	Without land use, conditional
	without energy controls, same sample
	Concessionality
	-147.5
	0.036
	592

	Without land use, conditional
	without energy controls, same sample
	Predictability
	-62.0
	0.005
	592

	Without land use, conditional
	without energy controls, enlarged sample
	Fragmentation
	-78.1
	0.782
	748

	Without land use, conditional
	without energy controls, enlarged sample
	Concessionality
	-207.8
	0.033
	748

	Without land use, conditional
	without energy controls, enlarged sample
	Predictability
	-90.2
	0.000
	748

	With land use, conditional
	with energy controls
	Fragmentation
	89.8
	0.467
	537

	With land use, conditional
	with energy controls
	Concessionality
	0.1
	0.997
	537

	With land use, conditional
	with energy controls
	Predictability
	5.8
	0.613
	537

	With land use, conditional
	without energy controls, same sample
	Fragmentation
	33.4
	0.793
	537

	With land use, conditional
	without energy controls, same sample
	Concessionality
	-10.2
	0.665
	537

	With land use, conditional
	without energy controls, same sample
	Predictability
	1.4
	0.888
	537

	Without land use, unconditional
	with energy controls
	Fragmentation
	-24.8
	0.652
	438

	Without land use, unconditional
	with energy controls
	Concessionality
	-0.4
	0.981
	438

	Without land use, unconditional
	with energy controls
	Predictability
	-0.2
	0.972
	438

	With land use, unconditional
	with energy controls
	Fragmentation
	-47.7
	0.502
	391

	With land use, unconditional
	with energy controls
	Concessionality
	-44.0
	0.396
	391

	With land use, unconditional
	with energy controls
	Predictability
	-6.7
	0.640
	391


Authors’ elaboration. Note: removal of the three energy variables (renewables, energy intensity and energy per capita), in the same sample and in the enlarged sample that the removal permits; reference specification.

Table C4. Robustness of the outcome: projection window and classification threshold
	Check
	At risk (%)
	Median (p.p.)
	Q1
	Q3
	n

	Window k=3
	62.4
	19.0
	-7.8
	82.0
	85

	Window k=5
	64.7
	17.8
	-7.0
	70.9
	85

	Window k=7
	62.4
	17.0
	-8.1
	80.5
	85

	Threshold 0%
	67.1
	17.8
	-7.0
	70.9
	85

	Threshold 5%
	64.7
	17.8
	-7.0
	70.9
	85

	Threshold 10%
	55.3
	17.8
	-7.0
	70.9
	85


Authors’ elaboration. Note: modeling panel in 2024.

Table C5. Robustness of finance: rolling window and lag
	Check
	Metric
	Value
	Fragmentation
	Concessionality
	Predictability

	Window 2y, lag 1
	R²
	0.492
	8
	20
	18

	Window 2y, lag 1
	AUC
	0.854
	17
	19
	18

	Window 3y, lag 0
	R²
	0.516
	5
	20
	15

	Window 3y, lag 0
	AUC
	0.869
	18
	19
	17

	Window 3y, lag 1
	R²
	0.494
	7
	19
	18

	Window 3y, lag 1
	AUC
	0.858
	17
	19
	18

	Window 5y, lag 1
	R²
	0.517
	5
	20
	17

	Window 5y, lag 1
	AUC
	0.884
	17
	19
	18


Authors’ elaboration. Note: R² in the continuous outcome and AUC in the binary one, outside training; the numbers by dimension are the position in the ranking by importance (23 variables).
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