Appendix A. Cross-Validation and Sensitivity
Appendices A–E are provided as online supplementary material and are not part of the main text.
A.1 Sensitivity to the number of validation clusters
The validation partitions parcels into K ≈ N/80 k-means clusters. Because any partition is a modeling choice, Table A1 re-runs both the reduced-form gap test and the similarity test at K ∈ {60, 80, 100, 120} under a fixed control set. The gap coefficient is negative at every K and the similarity coefficient positive and significant at every K, so neither result is an artifact of the K = 80 partition.
Table A1. Sensitivity to the number of validation clusters.
	K
	Cluster pairs
	Gap coefficient
	Gap p
	Similarity coefficient
	Similarity p

	60
	1,769
	−0.0568
	0.157
	+0.0997
	0.028

	80 (baseline)
	3,157
	−0.0496
	0.040
	+0.0756
	0.011

	100
	4,941
	−0.0459
	0.017
	+0.0641
	0.004

	120
	7,129
	−0.0312
	0.038
	+0.0508
	0.005


Note. The K = 80 appendix row uses a fixed control set and therefore differs slightly from the headline Table 2 estimate, isolating the effect of K alone.
A.2 Year-block sensitivity to neighborhood size
Table A2 varies k in the year-block multi-matrix model. λs is positive at every k, with conventional support concentrated at intermediate neighborhood sizes.
Table A2. Year-block multi-matrix SEM sensitivity to k (Seoul, N = 6,413).
	k
	λs, M3
	LR p
	5% support
	Interpretation

	4
	0.02224
	0.1847
	No
	Positive but imprecise

	6
	0.04037
	0.0393
	Yes
	Detectable

	8
	0.05484
	0.0121
	Yes
	Baseline year-block result

	10
	0.05076
	0.0313
	Yes
	Detectable

	12
	0.04549
	0.0704
	No
	10% evidence

	16
	0.04631
	0.0945
	No
	10% evidence


Note. λs is positive at every k. Use sign-stable, with strongest conventional support at intermediate k, not uniformly robust.
A.3 Diagnostics for saturation above one
Table A3 shows that mechanical capping and deletion of s > 1 observations weaken the channel by removing policy-relevant variation, whereas retaining the sample and controlling for I(s > 1) preserves it.
Table A3. Nominal-saturation-above-one diagnostics (year-block k = 8).
	Treatment
	N
	Mean s
	SD s
	λs, M3
	p
	Role in paper

	Baseline: upper-1% winsorization
	6,413
	0.8709
	0.5919
	0.05484
	0.0121
	Preferred specification

	Mechanical cap at 1
	6,413
	0.7170
	0.3114
	0.03294
	0.1869
	Severe compression stress test

	Delete observations with s > 1
	4,137
	0.5613
	0.2864
	0.04542
	0.0984
	Severe deletion stress test

	Retain sample + control I(s > 1)
	6,413
	Baseline
	Baseline
	≈0.0526
	0.0170
	Preferred diagnostic for level shift


Note. Values above one are institutionally admissible. Capping and deletion remove policy-relevant variation; direct control for I(s > 1) preserves the saturation-organized channel.
A.4 Equivalence tests for the pooled non-Seoul coefficient
Table A4 reports two one-sided tests at several margins. Equivalence cannot be established at the narrowest margins; it is established only within ±0.05 and wider. The non-Seoul average is practically small within ±0.05 but not negligible at ±0.03.
Table A4. Equivalence tests for the pooled non-Seoul gap coefficient.
	Equivalence margin
	TOST conclusion
	Permitted claim

	±0.03
	Equivalence not established
	Do not call the effect negligible at this narrow margin

	±0.04
	Equivalence not established
	Evidence remains inconclusive

	±0.05
	Equivalence established
	Non-Seoul average is practically small within ±0.05

	±0.06
	Equivalence established
	Non-Seoul average is practically small within ±0.06


Note. State the equivalence margin ex ante. Power against a Seoul-sized effect is informative but does not itself prove a zero or equivalent effect.
A.5 Rolling temporal out-of-sample covariance validation
Having detected an in-sample channel that survives contemporaneous restriction, we ask whether it is a temporally stable structure that would help predict next year's covariance. Table A5 reports the rolling test, and the answer is no: adding the saturation matrix worsens relative covariance RMSE by 1.11%, 12.56%, and 0.83% for validation years 2023–2025 (Figure A1c), and edge-specific saturation predictions are not significant in any year. Reporting this negative result plainly is what disciplines the main text: the channel is an in-sample descriptor, not a validated forecasting parameter.
Table A5. Rolling temporal out-of-sample covariance validation.
	Validation year
	Training window
	Change in covariance RMSE: M3 vs M1
	Edge-specific saturation prediction
	Interpretation

	2023
	2018–2022
	+1.11%
	Not statistically significant
	M3 worse

	2024
	2018–2023
	+12.56%
	Not statistically significant
	M3 materially worse

	2025
	2018–2024
	+0.83%
	Not statistically significant
	M3 slightly worse


Note. Positive values indicate deterioration when the saturation matrix is added. The structural channel is detected in sample but does not add temporal out-of-sample covariance-prediction value.
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Figure A1. Structural detection and its limits. Panel (a) shows λs in the pooled and year-block graphs, the latter about 82% of the pooled magnitude and both bounded away from zero. Panel (b) shows λs across k = 4–16: the sign is stable and significance concentrates at intermediate k. Panel (c) shows the rolling out-of-sample test, in which adding the saturation matrix worsens covariance RMSE in every validation year.
A.6 Measurement structure of nominal saturation
Error in sᴮ is systematic rather than classical. For capacity-relaxation cases the base schedule understates true permitted capacity; for legacy cases the parcel may hold no remaining development option at all. Random multiplicative perturbations therefore do not address the structure, and the I(s > 1) control absorbs a level difference rather than correcting rank misclassification in the saturation graph. Table A3 shows what this costs: capping at one erases precision and deletion weakens the channel, so part of the estimate rests on observations whose institutional origin the base schedule cannot distinguish. Constructing parcel-level effective permitted FAR, or at minimum separating parcels covered by district-unit plans and bonus schemes from legacy non-conforming stock, is the first-order data improvement this design needs.
Appendix B. Common-Parameter Structural Horse Race
Before the maximum-likelihood estimation of Section 5, a reduced-form contest computes, for each candidate weight of Section 3.3, the correlation matrix the identity implies at the common Seoul estimate ρ = 0.325, and regresses observed pairwise cluster correlations on the implied ones under district fixed effects and dyadic-robust inference. Because it borrows one dependence parameter across matrices, the paper does not rest on it, but its joint regressions establish the separability of the similarity and distance structures and dispose of the level and vintage rivals.
Table B1. Common-parameter structural test, each candidate weight alone (ρ = 0.325).
	Candidate weight
	Coefficient
	p
	Verdict

	Similarity, exp(−κ|gap|)
	+0.076
	0.011
	Significant

	Distance, exp(−d/d₀)
	+0.089
	0.006
	Significant; strongest marginal structure

	Level, min(si, sj)
	+0.064
	0.010
	Significant marginally

	Level, product sisj
	+0.015
	0.508
	Not significant

	Vintage similarity
	+0.010
	0.600
	Not significant

	Shuffled-saturation placebo
	+0.015
	0.046
	Same sign, one-fifth the magnitude; see note


Note. District fixed effects and dyadic-robust p-values. This is a preliminary common-parameter contest, not the decisive ML model. The shuffled-saturation placebo deserves comment rather than dismissal: its coefficient is positive, the same sign as the similarity weight, and its p-value of 0.046 clears a conventional 5% threshold. Two features bound what it implies. Its magnitude, +0.015, is about one fifth of the similarity coefficient (+0.076), and shuffling saturation labels preserves the marginal distribution of gaps and hence much of the block structure that the common-ρ construction imposes, so the placebo is not a clean zero-signal benchmark in this design. Read together, the placebo indicates that part of the common-parameter similarity result is attributable to construction rather than to the saturation assignment itself, which is one reason the paper does not rest on this contest and moves to separately estimated dependence parameters in Section 5. The decisive test there is a likelihood-ratio test on λs with its own parameter, where the identification diagnostics of Table 5b apply.
Table B2. Common-parameter joint structural tests.
	Specification
	Similarity
	Distance
	Level min
	Level product
	Vintage

	Similarity + distance
	+0.059 (0.015)
	+0.077 (0.003)
	—
	—
	—

	All saturation/distance candidates
	+0.101 (0.014)
	+0.075 (0.004)
	−0.079 (0.163)
	+0.076 (0.196)
	—

	Similarity + distance + vintage
	+0.059 (0.015)
	+0.076 (0.003)
	—
	—
	+0.006 (0.739)

	Residual test D3
	—
	—
	+0.012 (0.569)
	+0.012 (0.588)
	—


Note. Coefficients with p-values in parentheses. The two level variables are highly collinear and should be read jointly as a family; the vintage confound is set aside.
Table B3. Robustness of the similarity-versus-distance contest to fixed ρ.
	Fixed ρ
	Similarity coefficient
	Similarity p
	Distance coefficient
	Distance p

	0.200
	0.0582
	0.015
	0.0776
	0.003

	0.265
	0.0588
	0.015
	0.0770
	0.003

	0.325 (baseline)
	0.0594
	0.015
	0.0765
	0.003

	0.400
	0.0602
	0.015
	0.0758
	0.004

	0.500
	0.0615
	0.015
	0.0751
	0.004


Note. The joint reduced-form result is insensitive to the borrowed common dependence parameter.
Appendix C. A Motivating Micro-Foundation for the Similarity Kernel
A parcel’s value includes the option to build the unbuilt remainder of its permitted envelope. Marginal floor value declines in height, so the option’s sensitivity to metropolitan shocks—its delta—is a smooth monotone function of saturation: near-empty parcels carry large option deltas, near-saturated parcels small ones. If a single common factor drove all shocks, pairwise correlations would be organized by the product of deltas, favoring the level weights of Section 3.3. If instead shocks strike locally along the delta line—rate shocks where option value dominates, envelope shocks near the constraint—then two parcels co-move to the extent their deltas are similar, i.e. to the extent their saturations are close. Under Laplace-type local loading this yields exactly exp(−κ|si − sj|), the gap-similarity kernel. The model also predicts that the structure should appear only where the envelope binds, because where slack is abundant every parcel carries a large, undifferentiated option delta and the gap ceases to sort exposure. We present this as a motivating exposure model, not a uniquely derived micro-foundation: it identifies the rivals to beat and the market where the channel should be visible, both of which the evidence bears out.
Appendix D. Power Reinforcement: A Residual-Product Panel
Correlation-level tests use one observation per cluster pair from eight annual values—a power ceiling. A cluster-pair × year panel of residual products (24,340 pair-years), which discards no within-year variation, reproduces the structure at higher resolution. The saturation gap enters negative and significant on its own and softens beside a stronger distance term; the saturation and geographic structures genuinely coexist, so power is not what limits the distinction. This within-year panel also bridges the annual-correlation validation and the contemporaneous residual-dependence object.
Table D1. Residual-product panel (cluster-pair × year; N = 24,340).
	Specification
	Gap coefficient
	Gap p
	Log-distance coefficient
	Distance p

	Gap only
	−0.0333
	0.039
	—
	—

	Gap + log distance
	−0.0275
	0.070
	−0.0719
	0.013


Note. Year fixed effects and dyadic-robust inference. This within-year panel bridges the annual-correlation validation and the contemporaneous residual-dependence object.
Appendix E. Single-Matrix Full-Kernel Mechanism Illustration
For mechanism illustration only, Table E1 applies each policy operator to a single-matrix full-kernel model (κ = 5), where the dispersion logic of Section 3.3 does hold: compression of the saturation distribution raises mean correlation and spreading lowers it. This is a theoretical and matrix-construction sensitivity, not a policy estimate; its role is to locate precisely why the dispersion principle fails on the estimated multi-matrix nearest-neighbor structure—namely, that uniform upzoning leaves a value-based graph unchanged, so its exact zero is representation-driven.
Table E1. Single-matrix full-kernel mechanism illustration (κ = 5).
	Policy
	Saturation distribution
	Δ mean absolute correlation

	Uniform upzoning, g = 0.20
	Compression
	+0.016%

	Sending-side designation
	Compression
	+0.006%

	Receiving-side designation
	Compression
	+0.028%

	TDR, conventional designation
	Compression
	+0.033%

	TDR, dispersion-widening designation
	Spreading
	−0.029%


Note. Theory and matrix-construction sensitivity only; not a policy estimate. It shows that the exact zero under value-based nearest-neighbor uniform upzoning is representation-driven.
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