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Abstract: We introduce a novel algorithm designed to estimate the parameters of multivariate polynomial
regression models with an undefined maximum order. Polynomial regression models are crucial tools in
predictive tasks. However, as the number of explanatory variables rises, so does the complexity of the poly-
nomial terms, making accurate parameter estimation particularly challenging when dealing with higher order
models. The SPORE-LASSO algorithm tackles this issue by leveraging sparse estimation for multivariate
polynomial regression models, effectively approximating higher order terms. By utilizing the LASSO tech-
nique, it identifies a concise set of significant explanatory variables. This method permits sparse estimation
of polynomial regression models, adeptly managing a restricted number of polynomial terms. Nonetheless,
conventional algorithms mandate the specification of a maximum order. When this parameter is set too low,
the model’s true structure may be overlooked. Conversely, if the maximum order is set too high, an unwieldy
increase in the number of variables arises. Thus, we've developed a new algorithm that mitigates these issues.
We have confirmed the efficacy of this algorithm through simulation experiments employing both synthetic
and real-world data.
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function, y: Output value of the function for the given

x1 and x2.
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Fig. 4 Trends in Sample Size and Mean Squared Error (MSE)

(Excluding where only the intercept was estimated).
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Fig. 5 Trends in sample size and Recall.
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Fig. 6 Trends in sample size and Recall

(Excluding where only the intercept was estimated).
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Fig. 7 Trends in sample size and Precision.
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Table 1 Comparison of average execution Time:
Proposed Algorithm vs. SPORE-LASSO.

V. 2= DA FIRFEATRER (B EEEE
Ours 0.6306 0.3681
SPORE(d = 2) 0.2329 0.0546
SPORE(d = 3) 0.2347 0.0556
SPORE(d = 4) 0.2697 0.0831
SPORE(d = 5) 0.3005 0.1071
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WERE 21T .
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B L7z, Moz, EREYFE TV, LASSO, Random
Forest, LightGBM [24], SPORE-LASSO (d=2,3,4) %
L7z, BHEfREE TP =iz (MSE) 2 w25,

5.2 HEREEE
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Table 2 Validation datasets and descriptions
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WWEEE TN T) ZLDENEEER L2 LS
SRTWS. 2512, Yeh & 23] 1, =2—F V% v b
T2 [27] RGNS LY, ERRSITETLVED D
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SPORE-LASSO &\ o 72ZHAMFEET NV EHW 5 ET
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SPORE-LASSO O A5 WA, 2N EOREEHEET 5
Wi, -ETNVT) XL RN ERNENTH S &
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£ 3 HHOET—F 1y MIHT 5 FY_FEE12E (MSE)
Table 3 Mean Squared Error (MSE) across multiple real-world datasets
Sy 14 Ours SPORE SPORE SPORE SPORE SPORE Random LightGBM
(Max Degree) (d=2) (d=3) (d=4) (d=5) (d=16) Forest
Concrete Slump Test (SLUMP) 47.876 (4) 53.928 54.699 55.585 51.022 52.281 50.207 66.756
Concrete Slump Test (FLOW) 138.379 (6) 169.244 163.347 161.178 158.583  160.588  175.699 217.908
Concrete Slump Test (Strength) 6.075 (8) 2.480 1.514 1.153 0.888 0.757 13.482 14.462
Computer Hardware 115.847 (4) 276.973 251.945 502.894 940.638 1720.744 1934.341  10114.852
Yacht Hydrodynamics 2.203 (22) 18.784 8.797 3.593 2.669 2.260 1.033 22.916
AUTO MPG 8.252 (20) 8.284 8.458 8.368 8.359 8.399 7.346 8.799
winequality-red 0.449 (5) 0.414 0.420 0.421 0.422 0.424 0.335 0.393
winequality-white 0.605 (12) 0.581 0.548 0.962 0.608 0.612 0.375 0.448
Real estate valuation 63.163 (4) 62.426 61.980 62.396 66.290 66.227 57.139 56.199
F 4 WHOEF— 5ty NHT BN ()
Table 4 Execution time (in seconds) across multiple real-world datasets.
Sy M4 Ours SPORE SPORE SPORE SPORE SPORE Random LightGBM
(d=2) (d=3) (d=4) (d=5) (d=6) Forest

Concrete Slump Test (SLUMP) 0.703 0.321 0.352 0.467 0.753 1.096 1.213 0.103

Concrete Slump Test (FLOW) 0.899 0.355 0.305 0.349 0.417 0.888 1.178 0.147

Concrete Slump Test (Strength) 0.961 0.328 0.322 0.864 1.600 3.092 1.165 0.367

Computer Hardware 3.535 0.398 0.495 1.868 3.720 7.286 1.324 0.799

Yacht Hydrodynamics 4.861 0.375 0.388 0.460 0.733 0.955 1.408 0.176

AUTO MPG 4.728 0.410 0.356 0.534 0.760 1.664 1.656 0.385

winequality-red 1.660 0.447 0.437 0.466 0.497 0.552 5.503 0.789

winequality-white 3.632 0.506 0.490 0.559 0.572 0.572 16.870 2.124

Real estate valuation 2.109 0.463 0.540 0.942 4.105 11.808 2.152 0.335
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