
[bookmark: _GoBack]Supplementary Appendix. Methods, documentation, and supporting materials
This supplementary file contains detailed data provenance, quality-control rules, processing specifications, model search spaces, the validity-risk audit, computational environment, claim-scope audit, documentary image provenance and research-data reporting scope supporting the completed empirical study. It does not introduce additional confirmatory claims and does not constitute a separate raw-data or executable-code deposit.

S1. Documented data lineage
The analytical provenance is documented through the following source hierarchy. Environmental outcomes and predictors come from public Landsat Level-2 imagery; school inventories establish site identity, campus geometries define the sampling footprint, and LCZ provides contextual urban form. The retained data-lineage manifest records retrieval date, source URL or asset identifier, license, local file name, SHA-256 hash for downloaded tables, coordinate reference system and transformations applied.
Table S1 summarizes the provenance and documentation items needed to reconstruct each analytical layer.

Table S1. Data lineage and documentation requirements.
	Resource
	Persistent identifier / source
	Documentation item
	Purpose

	Landsat 8 C2 L2
	Earth Engine: LANDSAT/LC08/C02/T1_L2
	GEE script + export manifest
	LST and spectral predictors

	Global LCZ
	Earth Engine: RUB/RUBCLIM/LCZ/global_lcz_map/latest
	Asset ID + band=LCZ_Filter
	LCZ context

	Madrid schools
	https://datos.comunidad.madrid/dataset/centros_educativos
	Downloaded CSV/JSON + hash
	Official school frame

	Madrid schoolyards
	https://datos.madrid.es/dataset/300572-0-colegios-publicos
	Downloaded CSV/XLSX + hash
	Public-school QC/context

	Barcelona schools
	https://opendata-ajuntament.barcelona.cat/data/dataset/equipament-educacio
	Downloaded resource + hash
	Official school frame

	Campus polygons
	Open education polygons / documented manual QC
	GeoPackage/GeoJSON + match log
	Sampling boundaries


Note. The table separates public source products from retained analysis artifacts; no published numerical outcome is used as an empirical input.

This lineage records the source basis and quality-control documentation for each analytical layer. It does not imply distribution or exact reproduction of the manually curated linkage, geometry or derived analytical files. Campus geometry provenance is therefore reported at the match-log level because the retained archive identifies heterogeneous open education geometries and documented manual adjudication rather than a single polygon provider.

S2. Campus matching and quality-control rules
Normalize school names by Unicode normalization, case-folding, punctuation removal, standard abbreviation rules and whitespace collapse; preserve the original name in a separate field.
Prefer exact normalized name + address matches between the official registry and candidate education polygons.
For unresolved records, use nearest candidate geometry only when the official coordinate and polygon centroid are within 100 m and no competing school falls within that radius. Records failing this uniqueness rule enter manual review rather than automatic nearest-neighbor assignment.
Manually review all multi-school campuses, missing polygons, polygons intersecting large non-school uses and suspiciously small/large areas.
Assign a stable school_id before any raster extraction. Never generate a new identifier from row order after filtering.
Flag relocations, major boundary changes or merged institutions. Exclude cases whose longitudinal boundary cannot be represented consistently.
Apply the same minimum-pixel and ≥7-of-11 annual-composite completeness rules in both cities. Because no alternative-threshold sensitivity series is used for inference in the submitted analysis, the supplement does not introduce post hoc ≥8/9/10-year comparisons.
Retain the verified final cohort list and any exclusion reasons that are traceable in the archived matching/QC records. Do not reconstruct missing intermediate exclusion categories post hoc; the screened frame, fixed eligibility rules, final cohort and retention rates define the documented analytical population.

S3. Google Earth Engine processing specification
The following processing specification records the transformations documented for the Google Earth Engine workflow. It makes image filtering, masking, scaling, index calculation and annual compositing explicit without serving as a distributed executable-code package. The school polygons are represented as a FeatureCollection with school_id, city and geometry fields; no outcome values are hard-coded. The fifth mapped-band transformation is retained exactly as documented and is interpreted throughout the manuscript as a shortwave-reflectance albedo proxy for relative material-reflectance screening, not as an absolute Landsat-8 OLI broadband-albedo estimator.
// Core assets
var l8 = ee.ImageCollection('LANDSAT/LC08/C02/T1_L2');
var lcz = ee.ImageCollection('RUB/RUBCLIM/LCZ/global_lcz_map/latest').mosaic().select('LCZ_Filter');
// `schools` is the quality-controlled public-primary-school FeatureCollection described in S2.
function maskL8(image) {
  var qa = image.select('QA_PIXEL');
  var clear = qa.bitwiseAnd(1 << 0).eq(0)  // fill
    .and(qa.bitwiseAnd(1 << 1).eq(0))      // dilated cloud
    .and(qa.bitwiseAnd(1 << 2).eq(0))      // cirrus
    .and(qa.bitwiseAnd(1 << 3).eq(0))      // cloud
    .and(qa.bitwiseAnd(1 << 4).eq(0))      // cloud shadow
    .and(qa.bitwiseAnd(1 << 5).eq(0));     // snow
  var sat = image.select('QA_RADSAT').eq(0);
  return image.updateMask(clear.and(sat));
}

function addVariables(image) {
  var sr = image.select(['SR_B2','SR_B4','SR_B5','SR_B6','SR_B7'])
                .multiply(0.0000275).add(-0.2);
  var blue = sr.select('SR_B2');
  var red  = sr.select('SR_B4');
  var nir  = sr.select('SR_B5');
  var sw1  = sr.select('SR_B6');
  var sw2  = sr.select('SR_B7');
  var lst = image.select('ST_B10').multiply(0.00341802).add(149.0)
                 .subtract(273.15).rename('LST');
  var ndvi = nir.subtract(red).divide(nir.add(red)).rename('NDVI');
  var ndmi = nir.subtract(sw1).divide(nir.add(sw1)).rename('NDMI');
  var ndbi = sw1.subtract(nir).divide(sw1.add(nir)).rename('NDBI');
  var ndbsi = red.add(sw1).subtract(nir).subtract(blue)
                  .divide(red.add(sw1).add(nir).add(blue)).rename('NDBSI');
var albedo = blue.multiply(0.365).add(red.multiply(0.130))
                   .add(nir.multiply(0.373)).add(sw1.multiply(0.085))
.add(sw2.multiply(0.072)).subtract(0.0018).rename('AlbedoProxy');
return ee.Image.cat([lst, ndvi, ndmi, ndbi, ndbsi, albedo])
             .copyProperties(image, ['system:time_start']);
}

var years = ee.List.sequence(2014, 2024);
var annual = ee.ImageCollection.fromImages(years.map(function(y) {
  y = ee.Number(y);
  var start = ee.Date.fromYMD(y, 7, 1);
  var end   = ee.Date.fromYMD(y, 9, 1);
  var composite = l8.filterDate(start, end)
                    .filterBounds(schools.geometry())
                    .map(maskL8).map(addVariables).median();
  return composite.addBands(lcz.rename('LCZ')).set('year', y);
}));

// For each year, sample valid 30-m pixel centroids within school polygons.
// Export fields: city, school_id, year, LST, NDVI, NDMI, NDBI, NDBSI, AlbedoProxy, LCZ, lon, lat.
// The sampling/export call should use scale=30 and retain the executed image/export projection in the run manifest.
Interpretation note on the albedo proxy. Liang (2001) developed a narrowband-to-broadband Landsat conversion for TM/ETM+ and reports a 0.356 coefficient for the first TM/ETM+ band in the relevant shortwave equation. The archived Landsat-8 mapped-band implementation documented above uses 0.365 for BLUE. This supplement preserves the documented implementation for auditability rather than silently substituting a different coefficient after analysis. Because OLI-specific albedo retrieval can require sensor-specific spectral-response, atmospheric and BRDF treatment (He et al., 2018), the manuscript treats this field only as a shortwave-reflectance albedo proxy and makes no absolute broadband-albedo or retrofit-effect claim. No coefficient-sensitivity result is reported from the retained archive; interpretation is therefore confined to within-study relative material reflectance.

S4. Machine-learning execution and tuning specification
The core input matrix contains exactly five predictors: NDVI, NDMI, NDBI, NDBSI and the shortwave-reflectance albedo proxy. Seven model families are compared under this fixed input set: Decision Tree, Random Forest, Extra Trees, XGBoost, CatBoost, LightGBM and Gradient Boosting Regressor. The set spans a single-tree baseline, bagged/randomized ensembles and boosting families so that model behavior can be compared without changing feature availability. Observations missing LST or a required predictor after raster masking are excluded rather than imputed across schools; school_id is never supplied as a predictor, and city, year and LCZ remain metadata. For the selected Extra Trees model, attribution is the normalized impurity-based feature_importances_ value summarized across grouped folds. The retained archive verifies exclusion of held-out schools from model-setting selection and preserves the candidate spaces in Table S2, but it does not contain enough information to reconstruct the exact inner resampling rule or a publication-ready per-fold parameter table. Those details are therefore reported as archive limitations rather than inferred post hoc.
Verified outer boundary: five-fold evaluation is grouped by school_id, and the held-out schools are not used for model-setting selection.
Verified candidate space: the compact model-specific grids are reported in Table S2 and the five-predictor input set is unchanged across algorithms.
Archive limitation: the exact inner resampling rule and the selected setting for every outer fold are not recoverable from the retained publication archive; the manuscript therefore reports the boundary rather than reconstructing those details.
The constrained search spaces used for model tuning are reported in Table S2.

Table S2. Machine-learning hyperparameter search spaces.
	Model
	Search space
	Notes

	DT
	max_depth: {4, 8, 12, None}; min_samples_leaf: {1, 5, 20}
	Baseline; tune inside training fold

	RF
	n_estimators: {300, 600}; max_depth: {8, 16, None}; min_samples_leaf: {1, 5}; max_features: {sqrt, 1.0}
	fixed random_state

	Extra Trees
	n_estimators: {300, 600}; max_depth: {8, 16, None}; min_samples_leaf: {1, 5}; max_features: {sqrt, 1.0}
	ensemble comparator

	XGBoost
	n_estimators: {300, 600}; learning_rate: {0.03, 0.07}; max_depth: {4, 8}; subsample: {0.8, 1.0}; colsample_bytree: {0.8, 1.0}
	objective=reg:squarederror

	CatBoost
	iterations: {300, 600}; learning_rate: {0.03, 0.07}; depth: {4, 8}; l2_leaf_reg: {3, 8}
	loss=RMSE; verbose=false

	LightGBM
	n_estimators: {300, 600}; learning_rate: {0.03, 0.07}; num_leaves: {15, 31}; min_child_samples: {20, 50}
	regression objective

	GBR
	n_estimators: {200, 400}; learning_rate: {0.03, 0.07}; max_depth: {2, 4}; min_samples_leaf: {5, 20}
	classical boosting baseline


Note. Hyperparameter candidates are evaluated within training partitions only; held-out schools are excluded from model-setting selection, and the five core predictors remain identical across models.

The compact grid limits computational flexibility while preserving direct comparability among the seven regressors.

S5. School-grouped cross-validation and leakage audit
Primary performance is computed from school-grouped folds. The validation specification requires zero overlap in school_id between training and test sets within every fold and therefore prevents within-school train–test mixing. It does not impose a minimum geographic distance between different schools, so residual cross-school spatial dependence can remain. The random 80/20 pixel split is retained only as a non-spatial interpolation benchmark. When the random split produces higher apparent performance than grouped validation, the grouped result remains the basis for model selection and the difference is reported as sensitivity to within-school dependence rather than proof of complete spatial independence.
Performance reporting: mean and standard deviation of R², RMSE, MAE and MBE are reported across the five school-grouped folds; the main text also reports the observed Extra Trees fold-R² range (0.72–0.83). A complete fold-by-fold metric table is not claimed in this supplement.
Temporal transfer: no blocked or leave-one-year-out analysis was used for inference; accordingly, no unseen-year transfer inference is made.
Benchmark: a fixed-seed random 80/20 pixel split is reported as an interpolation benchmark only.
Audit trail: fold assignments are retained in the internal analysis archive with school_id, fold_id and random-seed information, but the fold-assignment working file is not distributed as supplementary data.
Geographic separation: no geographic blocking or minimum inter-school distance is imposed; the primary claim is limited to held-out-school prediction without within-school overlap.
Performance scope: metrics are pooled across Barcelona and Madrid and weighted by held-out pixel-year rows; no city-specific or equal-school-weighted performance estimate is claimed.
Supplementary Table S3 consolidates the design risks that are summarized more briefly in the main Methods and Limitations sections.

Table S3. Main validity risks and controls.
	Risk
	Why it matters
	Control in this study

	Within-school train–test overlap
	Pixels from one campus can make a random test set look easier than prediction for a different school
	Primary GroupKFold by school_id; all rows from one school stay in the same fold; no claim of inter-school geographic independence

	Temporal leakage
	Near-identical yearly patterns can inflate generalization
	Annual school summaries for trend inference; no separate unseen-year transfer claim

	Common environmental causes
	Drought, irrigation and morphology can affect both indices and LST
	Associational language; LCZ retained as contextual metadata; no causal effect claims

	Mixed pixels
	30-m cells may combine school and neighboring surfaces
	Campus-size/valid-pixel QC; centroid rule; median campus summaries

	Boundary error
	School point may not equal actual campus
	Official registry + polygon matching + manual QC + retained traceable exclusion records + final-cohort audit

	Multiple testing
	Many school-level MK tests increase false positives
	Benjamini–Hochberg FDR within city

	Model overfitting
	Flexible ensembles can memorize idiosyncratic structure
	Grouped CV, compact tuning grids, test metrics, random-split benchmark only in supplement

	Interannual background climate
	Heatwaves, drought and citywide thermal anomalies can shift school-ground LST across years
	Fixed summer window; no city-year background normalization; Sen slopes interpreted as total observed campus trajectories rather than campus-specific physical change

	Correlated-predictor attribution
	Impurity importance can distribute attribution across correlated predictors
	Pooled model-conditional ranking only; combined moisture–vegetation interpretation; no uniquely separable or causal importance claim

	Serial autocorrelation in annual trend series
	Positive year-to-year dependence can make standard Mann–Kendall significance optimistic in short annual series
	Standard MK + within-city BH-FDR reported exactly as implemented; no autocorrelation-robust significance claim; Sen slopes interpreted as observed trajectories

	Albedo-proxy coefficient sensitivity
	The archived 0.365 BLUE coefficient differs from the 0.356 value in the cited TM/ETM+ conversion and could alter the fourth-ranked proxy contribution.
	Exact archived implementation disclosed; variable relabeled as a relative reflectance proxy; no 0.356-versus-0.365 invariance claim.

	Tuning-archive completeness
	Unreported inner resampling or selected per-fold settings can make model selection difficult to reproduce exactly.
	Held-out-school exclusion and candidate grids are documented; missing inner-resampling/per-fold details are not reconstructed; no fully nested-CV claim.


Note. These controls reduce within-school leakage, multiplicity and unit-of-inference errors; they do not eliminate unmeasured common causes, residual cross-school spatial dependence, or the row-weighting feature of the observational design.

S6. Computational environment
The analysis environment reported in the main manuscript is consolidated below so that software provenance is not split across files. Version disclosure supports procedural audit but is not equivalent to an executable environment lock file. Table S4 lists the software versions and analytical roles.

Table S4. Computational environment used for the reported analysis.
	Component
	Version
	Analytical role

	Python
	3.9.18
	Core analysis runtime

	pandas
	1.5.3
	Tabular processing

	geopandas
	0.14.1
	Geospatial vector processing

	numpy
	1.24.3
	Numerical arrays

	scipy
	1.10.1
	Statistical routines

	scikit-learn
	1.3.2
	DT, RF, ET, GBR, GroupKFold and metrics

	xgboost
	1.7.6
	XGBoost

	lightgbm
	4.1.0
	LightGBM

	catboost
	1.2.5
	CatBoost

	matplotlib
	3.7.1
	Figures


Note. Google Earth Engine asset identifiers, date windows, masks and scale factors are documented in S1–S3; no one-click environment image or executable repository is claimed.

S7. Claim-scope and robustness audit
Table S5 records the evidential boundary of each major inference so that implemented analyses are not conflated with unperformed spatial, temporal, causal or attribution sensitivities.

Table S5. Claim-to-evidence audit for the submitted analysis.
	Potential inference
	Status
	Evidence boundary

	Held-out-school pixel-year prediction
	Supported
	5-fold GroupKFold by school_id; no within-school overlap

	Geographically separated-cluster transfer
	Not claimed
	No spatial block or minimum inter-school distance

	City-specific predictive accuracy
	Not claimed
	Performance is pooled across Barcelona and Madrid

	Equal-school-weighted predictive accuracy
	Not claimed
	Metrics are row-weighted by held-out pixel-year observations

	Unseen-year transfer
	Not claimed
	No blocked-year or leave-one-year-out validation

	Causal retrofit effect
	Not claimed
	Observational remote-sensing predictors; no intervention design

	Absolute Landsat-8 OLI broadband albedo
	Not claimed
	S3 mapped-band transformation is interpreted as an albedo proxy only

	Uniquely separable feature effects
	Not claimed
	Impurity importance with correlated predictors; no second attribution estimator

	Universal LCZ-specific design rules
	Not claimed
	LCZ retained as context; no fully supported confirmatory strata

	Children’s thermal comfort or heat strain
	Not claimed
	Satellite LST is not air temperature, MRT or UTCI

	Standard-MK FDR trend classification
	Supported as implemented
	Standard Mann–Kendall p-values with within-city BH-FDR; not an autocorrelation-robust significance estimate

	Autocorrelation-robust trend significance
	Not claimed
	No modified/pre-whitened Mann–Kendall sensitivity result is represented as completed

	Per-fold selected hyperparameters
	Not reconstructed
	Candidate grids and training-only selection boundary are documented; a publication-ready per-fold selection table is not retained

	0.356-versus-0.365 albedo-proxy sensitivity
	Not claimed
	No coefficient-sensitivity run is retained; the archived 0.365 implementation is disclosed and interpreted only as a relative reflectance proxy.

	City-year anomaly-adjusted trend
	Not claimed
	No city-year meteorological/background-LST normalization is used; Sen slopes represent total observed campus trajectories.

	Alternative ≥8/9/10-year completeness robustness
	Not claimed
	The ≥7-of-11 rule is fixed across both cities; no alternative-threshold series is represented as completed.

	Permutation/SHAP attribution robustness
	Not claimed
	Confirmatory attribution uses fold-wise Extra Trees impurity importance only; no independent second estimator is represented as completed.

	Exact inner tuning resampling rule
	Not reconstructed
	The archive verifies training-only setting selection and held-out-school exclusion but does not retain enough detail to identify an exact inner grouped/random resampling procedure.


Note. The primary contribution is decision-unit-aligned screening: the school is the holdout and management unit. The table prevents broader spatial, temporal, causal or physiological claims from being inferred from that design.

S8. Documentary-image provenance and contextual photographs
Supplementary Figure S1 uses two real, openly licensed images as documentary context rather than quantitative evidence. Panel (a), Escola Can Fabra, Barcelona, is a Wikimedia Commons photograph by Pere prlpz licensed CC BY-SA 3.0. Panel (b), CEIP Valle-Inclán schoolyard, Madrid, is a Wikimedia Commons image produced for Ayuntamiento de Madrid / Diario de Madrid and licensed CC BY 4.0. The image attributions are retained in the figure caption; neither image is used to infer thermal performance.
[image: Documentary photographs of real public-school environments in Barcelona and Madrid used for contextual illustration only.]
Figure S1. Documentary context: real public-school environments in the two study cities. (a) Escola Can Fabra, Barcelona. Photograph by Pere prlpz, Wikimedia Commons, CC BY-SA 3.0. (b) CEIP Valle-Inclán schoolyard, Madrid, photographed for Ayuntamiento de Madrid / Diario de Madrid, Wikimedia Commons, CC BY 4.0. The photographs provide case context only; they are not analytical observations and are not used to infer thermal performance.
Note. The photographs are documentary context only and are not observations in the quantitative dataset; license attribution is retained in the caption.

S9. Research-data and analytical-material statement
The Landsat, LCZ and official school-registry source products are available through the public identifiers listed in S1. Derived campus-linkage files, analytical panels, fold-assignment files, executable scripts and other internal analysis artifacts are not deposited with this submission. This Supplement documents the reported workflow and its inference boundaries; it is not a release of the internal working archive or a one-to-one replication package. No additional material availability is promised beyond the public sources and the documentation contained here. No questionnaire, psychometric scale, interview guide, consent form or human-participant dataset is applicable because the study uses remote-sensing imagery and public non-personal geospatial records only.
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Documentary context: real public-school environments in the two study cities

(a) Escola Can Fabra, Barcelona
[ (b) CEIP Valle-Inclan schoolyard, Madrid
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