Supplementary Material 2 - Machine-learning classification of building attributes for historical building-stock reconstruction
1. Overview
 Supervised machine-learning classification was used to infer building attributes that were unavailable or incomplete in the historical building inventory. Three classification tasks were developed:
1. Residential structural typology, distinguishing CMF, MMF, WBMF, and WMF buildings.
2. Grouped building function, distinguishing Auxiliary, Commercial, Industrial, Institutional, and Residential buildings.
3. Residential building type, distinguishing single-family from multifamily residential buildings.
For each task, the data were divided into training and independent holdout sets. Alternative classifiers were evaluated using cross-validation on the training data, and the best-performing model was selected based on cross-validated accuracy. The independent holdout set was used only for final evaluation. Model performance was assessed using overall accuracy, Cohen’s kappa, confusion matrices, and, where relevant, class-specific sensitivity, specificity, and balanced accuracy.
Predictors described building geometry, morphology, location, and surrounding street-network characteristics. The final models were applied to historical buildings using predictor values calculated from the building and street-network layers corresponding to each historical period.
Model development was conducted in R 4.5.1 using the caret, xgboost, ranger, sf, and dplyr packages. XGBoost was run using one computational thread.







	Table S1. Summary of the three classification tasks

		Classification task
	Classes
	Observations
	Predictors
	Training set
	Test set

	Residential structural typology
	4
	331
	71
	250
	81

	Grouped building function
	5
	166,346
	66
	133,080
	33,266

	Residential building type
	2
	70,613
	66
	56,491
	14,122






2. Residential structural-typology classification
2.1. Dataset and predictor representation
The residential structural-typology dataset contained 331 labelled buildings after excluding WSF observations. WSF buildings were excluded because too few labelled observations were available for robust model development. In the historical reconstruction, WSF was assigned to buildings classified as single-family residential by the separate residential building-type model described in Section S4.
	Table S2. Residential structural-typology class distribution

		Structural typology
	Number of observations

	CMF
	111

	MMF
	78

	WBMF
	73

	WMF
	69

	Total
	331








The final robustness analysis used 71 predictors, comprising 39 network features and 32 morphology/geometric features. The final dataset was divided into 250 training observations and 81 independent test observations.
2.2.  Model development and selection
Random Forest, Ranger Random Forest, multinomial logistic regression, and XGBoost were examined during initial model development. The predictor representation was also refined during this stage, including comparisons of a compact 33-variable representation, a simplified 46-variable buffer-based representation, and a fuller spatial representation.
Because these preliminary comparisons used different predictor sets, their test-set results were treated as exploratory diagnostics rather than as the basis for final model selection. Final selection was based on a direct comparison of Ranger and XGBoost using the same 71-predictor dataset. Both models were evaluated using five-fold cross-validation repeated three times.
XGBoost was evaluated across 432 hyperparameter combinations. The selected configuration is reported in Table S3.
	Table S3. Selected XGBoost configuration for residential structural typology

		Parameter
	Selected value

	nrounds
	100

	max_depth
	4

	eta
	0.2

	gamma
	0

	colsample_bytree
	1

	min_child_weight
	1

	subsample
	1

	Objective
	multi:softmax

	Number of classes
	4

	Evaluation metric
	Classification error






The selected Ranger configuration used 500 trees, mtry = 16, Gini splitting, and a minimum node size of five.
	Table S4. Repeated cross-validation performance for residential structural typology

		Model
	Mean accuracy
	SD

	Ranger
	0.8481
	Not retained

	XGBoost
	0.8602
	0.0351





XGBoost achieved the highest repeated cross-validation accuracy and was selected before evaluation on the independent holdout set.
2.3.  Independent holdout performance
	Table S5. Independent holdout performance for residential structural typology

		Model
	Accuracy
	Cohen’s kappa

	Ranger
	0.8765
	0.8342

	XGBoost
	0.8889
	0.8508






XGBoost correctly classified 72 of the 81 holdout observations. Its stronger cross-validated and holdout performance supported its selection for application to the historical multifamily residential stock.
A final cell-by-cell confusion matrix for the selected 71-predictor XGBoost model was not retained. The earlier confusion matrices were generated using preliminary predictor representations and should therefore either be clearly labelled as exploratory diagnostics or omitted.
2.4.  Predictor importance
Construction year, building height, number of floors, building volume, GFA, and building shape were among the most influential predictors during model development. Street-network characteristics also contributed, particularly measures calculated within 500 and 800 m of each building.
The available importance values were generated from Random Forest models rather than from the final XGBoost model. They should therefore be presented as exploratory predictor importance, not as the final model’s XGBoost gain importance.




	Table S6. Selected predictor importance from exploratory Random Forest models

		Predictor
	Full-model mean decrease in accuracy
	Simplified-model importance

	Construction year
	21.571
	27.782

	Building height
	11.216
	10.015

	Number of floors
	11.134
	11.922

	Rounded height
	9.929
	11.906

	Building volume
	5.773
	5.591

	Gross floor area
	5.641
	5.968

	Perimeter-to-area measure
	3.987
	5.14

	Compactness
	3.241
	3.801

	Mean angular betweenness, 800 m
	Not included
	5.301

	Total street length, 500 m
	Not included
	4.15






A complete list of predictors and definitions should be provided in Supplementary Material 1 rather than repeated here.





3. Grouped building-function classification
3.1. Dataset and class definition
Contemporary labelled building data were used to classify buildings into five grouped functions. The original seven categories were aggregated as follows:
· Residential remained Residential.
· Commercial remained Commercial.
· Industrial remained Industrial.
· Public Service was grouped as Institutional.
· Accessory Building, Farm Building, and Other Building were grouped as Auxiliary.
The resulting dataset contained 166,346 buildings and 66 predictors. Of these, 133,080 observations were used for training and 33,266 for independent testing.
	Table S7. Grouped building-function class distribution

		Function
	Number of buildings
	Share

	Auxiliary
	80,604
	48.50%

	Residential
	70,613
	42.50%

	Industrial
	5,777
	3.50%

	Institutional
	5,516
	3.30%

	Commercial
	3,836
	2.30%

	Total
	166,346
	100.00%






The strong class imbalance is important when interpreting overall accuracy and class-specific sensitivity.
3.2. Model development and selection

Random Forest and XGBoost were compared using five-fold cross-validation. The strongest Random Forest configuration used 200 trees and mtry = 22. Seven XGBoost configurations were evaluated.
	Table S8. Selected XGBoost configuration for grouped building function

		Parameter
	Selected value

	eta
	0.08

	max_depth
	8

	min_child_weight
	1

	subsample
	0.8

	colsample_bytree
	0.8

	nrounds
	250






	Table S9. Cross-validation performance for grouped building function

		Model
	Mean accuracy
	SD

	Random Forest
	0.8775
	Not retained

	XGBoost
	0.8865
	0.0015






XGBoost achieved the highest cross-validated accuracy and was selected for independent holdout evaluation.

3.3. Independent holdout performance
	Table S10. Independent holdout performance for grouped building function

		Model
	Accuracy
	Cohen’s kappa

	Random Forest
	0.8794
	0.7858

	XGBoost
	0.8883
	0.8036






The 95% binomial confidence interval for XGBoost holdout accuracy was 0.8849–0.8917. Its accuracy was significantly higher than the no-information rate of 0.4846 (p < 2.2 × 10⁻¹⁶).
This confidence interval describes uncertainty in overall holdout accuracy. It does not represent uncertainty in the predicted class of an individual historical building.

	Table S11. XGBoost confusion matrix for grouped building function

		Prediction
	Auxiliary
	Commercial
	Industrial
	Institutional
	Residential

	Auxiliary
	15,094
	173
	228
	393
	1,079

	Commercial
	35
	292
	28
	44
	22

	Industrial
	167
	92
	821
	24
	6

	Institutional
	58
	32
	6
	357
	27

	Residential
	766
	178
	72
	285
	12,988







	Table S12. Class-specific XGBoost performance for grouped building function

		Class
	Sensitivity
	Specificity
	PPV
	NPV
	Balanced accuracy

	Auxiliary
	0.9364
	0.8908
	0.8896
	0.9371
	0.9136

	Commercial
	0.3807
	0.996
	0.6936
	0.9855
	0.6884

	Industrial
	0.7108
	0.991
	0.7396
	0.9896
	0.8509

	Institutional
	0.3237
	0.9962
	0.7438
	0.9773
	0.6599

	Residential
	0.9197
	0.932
	0.909
	0.9402
	0.9259






Performance was strongest for Auxiliary and Residential buildings. Sensitivity was substantially lower for Commercial and Institutional buildings, which were less prevalent in the labelled dataset. Historical results disaggregated by these functions should therefore be interpreted more cautiously
3.4. Feature importance 
Feature importance was evaluated using XGBoost gain, which represents each predictor’s relative contribution to improving classification across the fitted trees. Building size and geometry were particularly influential, while location and street-network characteristics also contributed to the classification.

	Table S13. Top 20 predictors for the grouped building-function XGBoost model

		Rank
	Variable name
	Suggested description
	Gain importance

	1
	eqv_rd_
	Equivalent radius
	0.1884

	2
	area_m2
	Building footprint area
	0.1033

	3
	frctl__
	Fractal or shape-complexity measure
	0.0779

	4
	cnvx_p_
	Convexity-related measure
	0.0373

	5
	cntrd_ln
	Building-centroid longitude
	0.0319

	6
	cntrd_lt
	Building-centroid latitude
	0.0306

	7
	log_are
	Log-transformed footprint area
	0.0264

	8
	Len_800_ma
	Maximum street-segment length within 800 m
	0.0228

	9
	vrtcs__
	Number of polygon vertices
	0.0179

	10
	cmpctns
	Building compactness
	0.0179

	11
	Len_250_ma
	Maximum street-segment length within 250 m
	0.0177

	12
	Len_250_av
	Mean street-segment length within 250 m
	0.0152

	13
	Len_800_av
	Mean street-segment length within 800 m
	0.0146

	14
	Len_500_ma
	Maximum street-segment length within 500 m
	0.0139

	15
	bbx_wdt
	Bounding-box width
	0.0133

	16
	AI_800_avg
	Mean angular closeness within 800 m
	0.0133

	17
	prmtr_f
	Building perimeter or perimeter-derived measure
	0.0133

	18
	cnvx__2
	Secondary convexity measure
	0.0131

	19
	NB_800_max
	Maximum angular betweenness within 800 m
	0.0129

	20
	rctnglr
	Building rectangularity
	0.0126





4.  Residential building-type classification
4.1. Dataset and class definition
	Table S14. Residential building-type class distribution


		Residential type
	Number of buildings
	Share

	Single-family
	61,317
	86.80%

	Multifamily
	9,296
	13.20%

	Total
	70,613
	100.00%





The final dataset contained 66 predictors, 56,491 training observations, and 14,122 independent test observations.
4.2. Model development and selection
Random Forest and XGBoost were evaluated using five-fold cross-validation. The strongest Random Forest configuration used 200 trees and mtry = 22. The selected XGBoost model used the configuration reported in Table S15.

	Table S15. Selected XGBoost configuration for residential building type


		Parameter
	Selected value

	eta
	0.08

	max_depth
	8

	min_child_weight
	1

	subsample
	0.8

	colsample_bytree
	0.8

	nrounds
	250






	Table S16. Cross-validation performance for residential building type

		Model
	Mean accuracy
	SD

	Random Forest
	0.9824
	Not retained

	XGBoost
	0.9859
	0.0019






4.3. Independent holdout performance

	Table S17. Independent holdout performance for residential building type


		Model
	Accuracy
	Cohen’s kappa

	Random Forest
	0.9835
	0.9256

	XGBoost
	0.9871
	0.9423





The 95% binomial confidence interval for XGBoost holdout accuracy was 0.9851–0.9889.
4.4. Feature importance
Feature importance was evaluated using XGBoost gain. Building footprint area was the dominant predictor for distinguishing single-family from multifamily residential buildings, followed by measures of building size, shape, location, and surrounding street-network context.
	Table S19. Top 20 predictors for the residential building-type XGBoost model

		Rank
	Variable name
	Suggested description
	Gain importance

	1
	area_m2
	Building footprint area
	0.4588

	2
	eqv_rd_
	Equivalent radius
	0.0788

	3
	cnvx_p_
	Convexity-related measure
	0.0463

	4
	cntrd_lt
	Building-centroid latitude
	0.0374

	5
	log_are
	Log-transformed footprint area
	0.0286

	6
	Len_800_su
	Total street-segment length within 800 m
	0.0271

	7
	cntrd_ln
	Building-centroid longitude
	0.0249

	8
	frctl__
	Fractal or shape-complexity measure
	0.0223

	9
	AI_800_max
	Maximum angular closeness within 800 m
	0.0115

	10
	Len_500_ma
	Maximum street-segment length within 500 m
	0.0114

	11
	NB_800_cnt
	Count of angular-betweenness observations or segments within 800 m
	0.0102

	12
	vrtcs__
	Number of polygon vertices
	0.01

	13
	convxty
	Building convexity
	0.0099

	14
	Len_250_ma
	Maximum street-segment length within 250 m
	0.0092

	15
	elongtn
	Building elongation
	0.0087

	16
	NB_800_max
	Maximum angular betweenness within 800 m
	0.0079

	17
	Len_800_av
	Mean street-segment length within 800 m
	0.0077

	18
	Len_800_ma
	Maximum street-segment length within 800 m
	0.0075

	19
	AI_800_sum
	Sum of angular closeness within 800 m
	0.0073

	20
	AI_800_avg
	Mean angular closeness within 800 m
	0.0071








	Table S19. XGBoost performance for the multifamily class

		Prediction
	Multifamily
	Single-family

	Multifamily
	1,717
	40

	Single-family
	142
	12,223





XGBoost identified multifamily buildings with high sensitivity and specificity and was selected for application to the historical residential stock.
5. Application to the historical building stock
The selected models were applied sequentially to the historical building layers:
1. The grouped building-function model identified Residential, Auxiliary, Commercial, Industrial, and Institutional buildings.
2. The residential building-type model separated buildings classified as Residential into single-family and multifamily types.
3. Single-family buildings were assigned to the WSF structural typology.
4. The structural-typology model classified multifamily residential buildings as CMF, MMF, WBMF, or WMF.
5. The resulting residential structural typologies were linked to gross floor area and material-intensity coefficients for material-stock and flow estimation.
Predictors for historical buildings were calculated using the building and street-network layers corresponding to each historical period. Model application therefore retained temporal consistency between buildings and their urban spatial context.
The resulting predictions should nevertheless be interpreted in light of class-specific model performance. In particular, historical estimates disaggregated by Commercial and Institutional function are less certain than those for the dominant Residential and Auxiliary classes. Classification uncertainty was not propagated into the material estimates.
