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Abstract

In this work, we develop gradient boosting machines (GBMs) for forecasting the SYM-H index multiple hours ahead using
different combinations of solar wind and interplanetary magnetic field (IMF) parameters, derived parameters, and past SYM-H
values. Using Shapley Additive Explanation (SHAP) values to quantify the contributions from each input to predictions of the
SYM-H index from GBMs, we show that our predictions are consistent with physical understanding while also providing insight
into the complex relationship between the solar wind and Earth’s ring current. We also perform a direct comparison between
GBMs and neural networks presented in prior publications for forecasting the SYM-H index by training, validating, and testing
them on the same data. We find that the GBMs have a comparable root mean squared error as the best published black-box

neural network schemes and GBMs have better Heidke Skill Scores at predicting strong storms.
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TBble 1. Storms used to train GBMs. These storms are identical to the ones used to train and

validate models in Collado-Villaverde et al. (2021).
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Storms used to test GBMs. These storms are identical to the ones used to test mod-
els in Collado-Villaverde et al. (2021).
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Figure 1. Structure of the first tree T3 learned in a GBM trained with input set I3 to predict

the SYM-H index one hour ahead. The leaf nodes of the tree are shaded gray. The value in each
leaf node is its corresponding leaf weight. Left splits correspond to the inequality in the previous

node being true, and vice versa.
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Tble 6. RMSEs for 1-hour ahead prediction over the test storm set with our GBM model,
LSTM1 (Siciliano et al., 2021) and LSTM2 (Collado-Villaverde et al., 2021) neural networks,
Burton equation (T. O’Brien & McPherron, 2000) and simple persistence. Here, the GBM,

LSTM1, and LSTM2 were trained with past SYM-H and IMF parameters as inputs. The lowest

RMSE for each row is shown in bol d.
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the baseline) for 1-hour ahead prediction over the test storm set with our GBM model, LSTM1
(Siciliano et al., 2021) and LSTM2 (Collado-Villaverde et al., 2021) neural networks. Here, the
GBM, LSTM1, and LSTM2 were trained with past SYM-H and IMF parameters as inputs. The

highest skill score for each row is shown in bol d.
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RMSESs for 2-hour ahead prediction over the test storm set with our GBM model,

the LSTM2 neural network (Collado-Villaverde et al., 2021), Burton equation (T. O’Brien &
McPherron, 2000) and persistence. Here, the GBM and LSTM2 model were trained with past
SYM-H and IMF parameters as inputs. The lowest RMSE for each row is shown in bol d.
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Bble 9. Forecast skill scores (using the Burton equation (T. O’Brien & McPherron, 2000) as
the baseline) for 2-hour ahead prediction over the test storm set with our GBM model and the
LSTM2 neural network (Collado-Villaverde et al., 2021). Here, the GBM and LSTM2 model were
trained with past SYM-H and IMF parameters as inputs. The highest skill score for each row is
shown in bol d.
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Bble 10. RMSEs for 1- and 2-hour ahead predictions using only the IMF as input (I2) with
our GBM model and the LSTM1 and CNN1 models of Siciliano et al. (2021). For 1-hour ahead
predictions, the lowest RMSE in each row is shown in bol d.
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Fgure 2. 1-hour ahead predictions for the 3 strongest geomagnetic storms in the test set

during the main and recovery phases from our GBM (left column) and the LSTM2 developed
by Collado-Villaverde et al. (2021) (right column). The observed SYM-H (black), the predicted
SYM-H (blue) and the error (red) are shown for storms 31, 33, and 37 in the 3 rows, respectively.
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TBble 11.  P-values from paired t-tests for null hypothesis that the mean difference in RMSE

across storms for GBM vs. competing methods is zero.
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Fgure 3. Scatter plot of percentage contributions (y-axis) against SYM-H (x-axis) for all the

geomagnetic storms. The panels show the contributions of all considered features to the 1-hour

ahead GBM prediction. Each prediction is represented as black dots. Kernel density estimates

using a Gaussian kernel are shown in color with the corresponding color legend on the right of

each scatter plot.
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Figure 4. Scatter plot of percentage contributions (y-axis) against SYM-H (x-axis) from solar
wind and IMF parameters for 1-hour ahead prediction from GBM using only solar wind and IMF
parameters as input. Each prediction is represented as black dots. Kernel density estimates using
a Gaussian kernel are shown in color with the corresponding color legend on the right of each

scatter plot.
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Appendix A

A1l Graphical comparison with persistence model & Burton equation
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A2 Descriptive statistics of solar wind & IMF parameters
Table Al. Descriptive statistics for the solar wind and IMF parameters in the 25 storms used

for training listed in table 1. The minimum temperature (MK) is most likely a measurement

error.
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Table A2. Descriptive statistics for the solar wind and IMF parameters in the 25 test storms

listed in table 2. The minimum temperature (MK) is most likely a measurement error.

R M %R M TR M
By (I - B.TIT -2 868 a2 3. 44 33.8%7
By (I - 8. 963 -2816 -0 Ib 2 8% 5 B3
B, (I - B ®5 235 -0 B4 1. 933  ®. (2
Vi (K - 887. 784 - 35 138 - 41 30 - 373. 45 - Fl. Bl
W pm 3) Q0 M5 2 760 4 D4 7. 648 113. 982
# K a 0w a4 ®7 06BN 0412 0 99m

Acknowledgments

@ABa BB &L HHD

Cohy CLY oG

el Es@NSDRN

HHSNSIKB0  NAMESINSIOKKL N R
EENL66380a\8 BEY 207 75 EC i

—292—



619

620

621

622

624

625

626

627

629

630

631

632

633

634

635

637

638

639

640

641

642

643

644

645

646

647

648

650

651

652

654

655

656

658

659

660

661

662

663

664

666

667

668

670

671

INASSINSAK B0 BINBIKI 75 HCE 24
SHrHEHNY BC b

BuFh s( BF) CHDaABRVCDAV S, https:

cdaweb.gsfc.nasa.gov/ . ¥ HaRE sONI-

& https://omniweb.gsfc.nasa.gov/ . Ak

RN 1) L

DB H https://deepblue.lib.umich.edu/data ), b
b Mttt e

th SlpEs( D3 , W

lediistitl  gobiip

References

AR ® (W) . saf py  #@n https://gitlab.umich.edu/swmf
_software/swmfpy (&) H

M J. R, WH-L., Ba RJ., &% SN, &Bj S A
(206) . \giftdin Fh

p Agb K p &N MOEL INGAD
ROICIN® K p INDEX Space Veathel 410, 899916.
10 102/ 2068Y 453
Bk RL., RM A, # C N, MC, ®#M J., &
UV, ... W J. (92). @
(11535 1) arX1v2006.128835

phgi cs: phygi cs/

Ba E ., &K R (1999).  AfMpEe
omBg B & Michine Learn fg€1/2)
10639, d 10 1B/ A100751523169

Bah A, &NV G (29) . FaWVHAM &

B2 Pl D5m
F\ Ay Jouwnal of Space Meather and Space ( 9.mute
d 10 1051/ g2 907

Bw K, Bm M, Jb A, Ka M, K& S, &k
O (. CHGy  HCeFHCHR
o EdaML gh S S RN J ownal d
10 2039/ =8 3569

Bk J. E (218). BV
% Jownal of Geophgi cal Research: Space,Bhg@ly, IB. d
10 10®/ 017 J 265

Bk J., Ch X, M Q Li W B X, # RM, ... &b (28).
At In Ma-
chine learning techmi qes for space (@m@io30) . e d10
. 1006/B978 06 12 811788- 0 (0L1- 1

Ba R, Bh M, B S, m A, &4 O (Wl). In
eaih In al es geophgi cae(lVD, p 96B71) .

Bim L. (1996). B Mich Learm2 42, 1314 d10 107/
B FUR65

Bm L. (20). #b Mychine Learmidg§1l), B2 d 10 103/
A10010330821

Bm L., FhJ. H, D RA, &8 C J. (198). a assi ftati on
and regre ssi ontre B &

Ba RK, M RL., &R C T (1975 . Ath
% Jouwnal of Geophgi cal Research
8§00 4 d10 1®/JABABLEML

Gh L., M SY, &% YL. (200. &8 Hih
sINAROVE' ehil dhal e s Ge o-

—23—

I

d

[ astro-ph,

7



phyi cac 282, 381393, d 10 594/gB- 381- 20
Cm E (7219) . HiEsy N
il Space Weathelr {8), 1166127. d1o 1®/
21 88V 1
mE, GMD, §HJ, BhCC, WZ &EG
(W) . AGr B sVl R
Mg E\OHpE\E
WML g J. Geophg. Res. Space Phgids2(11) . d
10 119/ 29J A7 684
AH M, CmE, &WS (2M7). Bh

Space Weather §8), 1MH09. d 10 108/ D762
Ch T, &G C (216). ®Bs AEB @ Pro-

ceedingsof the 22nd @MSI GKDDI nte rnati onal Conf e re nce on Knolvedge
Di scoeryand Data M ning 783794 d 10 114/ D39672 D39785

CGHY¥ A, P, &Gl C  (2¢). DNV
Gl 9L s Ha®X HEy Space
Weather d 10 109/ IR B

Bb J. H  (20). GiinAli;
b e Statist, 295, 1189182 @10 124/d 1033341

G N, Jg A, &L M (A7) . [+ i oy
aal Space Science Rep2w@- 4, 1315
134 d 10 10r/41204 QL7- 042 2

G H, Ld H, && P (1996). &m
b it . Geophy ,147),
679686. d 10 1007 /8085 996- B79- 1

G Y, WH-L., Ba RJ., &% SN, &Bh M A (2M9). &

TabdDn TREEHAD Ty
BRENeCH NAHE Jownal of Geophgical
Research: Space Phgilck(l), 28563. d 10 109/ 08T D5

B T, R, &BJ. (20). The el enents of stati sti cal learn

ing N NY H g\dln
I T (1990 . &bl

#itl Jownal of geormugneti smand geoel eciricity
4 211), 1201%5

K EE K J., Ba A, 8 R, &L YD (A7) . (€304
HHHER Space Sci.

Rew, 212 1271- 1314 d 10 100r/41214 017- 041- 3
aCE it Jownal of Geophgi cal Resegrch
1 1(®, 20t d10 1/200AGDH
KW R, & @ Bh R (215 . DRD#m
[7: 3 G Lb&k S VN KEd),

Proceedings of the ei ghteenth i nternati onal conference onarti ftial intelligence

and stati sti & 38, p BINHT7). A Ch B PFLR
Kn M, G U, BV, &G O (1. €11

HaPhHE vk
fibl@" I EEE Acess 8, 187814187823. d 10 11m/
ACES 2! 31477
Li L., &€ S, &Y, &aVZ () . Wl
BC §d. ab Space Veathel §11) . d
10 109 / TOReL
Lo Y, Ga R, & J., &HB G (213). Agh
s In Proceedings of the 1 9 th @MS I GKDDi nte r-

nati onal conf erence on Knolvedge di scoerynd data m w 68631) .

—24—



CHE M d 10 114/2B87515 287579
Lu J., Y, &M, G S, & M (216) . fiin
b
g P anetaryand Space Sciehdel B%H d
10 1016/ p N5 11. (4
L SM, En G G, &Le S-1I. (219). (HiFa

obeFin arXivl1802.03888 [cs, stat]
LB SM, &Le S-1  (2U7). ARl

® In dancesinNewal Informution Proce ssing S gte fdV 30) .

Cak Io

L SM, N B., ¥ M S, Ib M, Ee M J., 4 T,
Le S-1. (218).  Fhnhfte
ik Nat Boned Eng , 2(10), 70760
10 1038/ 4151~ (18- (BOL 0

Ld H, &&P (1994 . oy

dhitstrby . Geophy. ,1 21), 1920 d
10 107 /6®5 994 @19- 2
M PN (1980 . &H In Deriation, meaning, and e of geonug-

netic indi¢pslls 19) . oG AYJ. d10 100/
9781118663837. B

Mm D J., BmSJ., B P, Bh WC, B J. L., R

P, &Ge J. W (1998). HEivERE\G
(ER) thilhrp Space Science Rejpew
8 ¢ ®3-612 d 10 13/ A1BMAB27
M G, &Ls H (am) . ATEND
B dRPENHGB &

arXiv2108.04 058 [cs, stat]
M K E, I B. P, &Bm A (219). Ijin

g In Proceedings of the 29 th anmmal i nte rnati onal conf er-
ence oncompier science and sof twre e ngi nelepil@br72) . W IBM
Co

M C (219). Interpretab le muchine leatips ://christo phm.github

.io/interpretable-m1lybo o k/
M C, Gh G, &Bh B. (2. IREi

ABEH 86 & Adh arX iv2010.0933.7 [cs,
Mr A H (19838). hidmgdh
kbhith Monthl yWe ather Revewl! 1(42) ,
27 - 24 & https://jo urnals .ametso c.org/view/
journals /mwre /116/12/1520- 049988 116 2417 _s s bo t2n0_c 0 2.xm 1
d 10 11751530 093(1988) 116 1 7: BT i2 002
N A, &Kh A (23). GHn a Front.

Ne worob ot, 7. d 10 3389/H 23. (ORI
Ne PT, BT, Lo K, Mg C L., &R F J. (2I0). Ak
Bl i O g
by Jouwnal of Geophgi cal Resegqich,2 0126. d
10 1@/ 206 AL 5
OBa T, &M RL. (20). Hdgih
Hn Jouwnal of thespheric and Sol ar-Te rrestri al EhRCls) , 1D5

1299. & https://www.sciencedirect.com/science/article/

pii/S1364682600000729 (@ dp//dglo0
. 1016/ $364 68F( Q) @T2 9

OBa TP (2® . &siDsh Jownal of
Ge ophgi cal ReseawcthO(A1l) , 134. d 10 100/ 2RJADB5
OBa TP, &M RL. (am) . Atigh

—25—



782 Jouwnal of Geophgi cal Research: Space Hhgi(dy , 7701%719. d
783 10 1@9/1998J ABBT

784 PG, mE, (G G, MM MF, &Bb I. (2B). &

785 gkl VF da #. Geophy. ,243),

786 989999. d 10 5194/@ 2+ 989- B

787 R J., && O (A8). Meergrad - Aradi ent-free opti m ati onpl atf orm
788 https://GitHib.com /Facebo o kResearch/letddrgrad

780 & C (2M9). bk

790 s Mtuwe Michine Intelligence
701 1(H, 225 d 10 1B8/£26- 019- MR- x

792 B A (2149 . I nte rpre ti ng rand omf ore sts D vng i nto datln

793 https://blo g.datadive.net/interpreting-random-forests/
« BK, T, RGD, &g HE (215. ®B

705 VI st

796 #h Space Meathelr §12) , 83B867. &R- B- G

797 th https://onlinelibrary .wiley .com/do i/10.1002/20155H001254
798 10 10R/ 200 B 24

799 B L. S (198). AmEn IlH WK& A W&

800 (Ed) , Contri b i ons tothe Theorywf Ganes ( M28 ), Vol ufep I307—

801 318) . &P d 10 1515/978141881970 (18

802 B¢ R, & A A (22). Hb DLgNeAY

803 N arX iv2106.03 253 [CS]

804 B F, G G, 4 R, G M, G F, &DM

805 Po(am) . Fa¥l HIg ACHB ¢ gb

806 ANy Space Weathelr 92) . d

wor 10 109/ AHHLRY

808 hRC W L"H J, N NF, saMH, B L. F, &8

809 J. (1998) . ®CE MfFHEm Space Science Reji&§

810 613- 632 d 10 103/ A10HD 216668

a1 £ N, B G, Kk A, 81, && R

(D4) . Th Alesibti

813 Jounal of Machine Learning Resehidg®) , 19D19R.

814 ngana&SaI-ﬂhMa‘/ﬁHaEhJa

815 ... B O (ImW). Mteorologydrienariab ilityf air pol luion( PM )
816 reeal ed wth epl ainab le muchine | eBrm ng BF

817 HEE b . d

818 10 5194/@% 49

819 8 M (1964 . f. In Howl yal w s of equtori al dst for the ®gy

820 P

821 g8 M, &Kn T (1991). EgHl9514986, @, 4 by

822 ABrthelier and M Memlle ( Int. Serv Geommgn I ndicesPb 1. Off., Saint
823 ]\/bw, 199 1)

2 B N (1989) .  Alfitheh

825 th P anetaryand Space Sciehcl), 3 d10 1006/ 0B2

- - (633(89) 90B6- 4

827 g N A (1995 . Math shid

828 Gedwbmn Jouwnal of Geophgi cal Reseaqrch
a0 0@, 9. d10 100/94AB193

830 g N A (2. Alispwdi

831 gh. M ANEWHKNEBER MG

832 NEITC FIEL D MEL, 1. Jouwnal of Geophgi cal Research: Space,Phgics
833 1 0(®), SAASA2A5 d 10 109/ 201J A9

834 g N A (2 . At

835 B &igh ANEW

836 MONEBER, MENEIIC FIEL DMOEL, 2 Jouwnal of Geophg

—26—



837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

ical Research: Space Physics107(A8), SMP 10{1{SMP 10{17. Retrieved
2021-08-05, fromhttp://doi.wiley.com/10.1029/2001JA000220 doi:
10.1029/2001JA000220

Wanliss, J. A., & Showalter, K. M. (2006). High-resolution global storm index:
Dst versus sym-h. Journal of Geophysical Research: Space Physic411(A2).
Retrieved from https://agupubs.onlinelibrary.wiley.com/doi/abs/
10.1029/2005JA011034 doi: https://doi.org/10.1029/2005JA011034

Wu, J.-G., & Lundstedt, H. (1997). Geomagnetic storm predictions from solar wind
data with the use of dynamic neural networks. J. Geophys. Res, 102(A7),
14255{14268. doi: 10.1029/97JA00975

Xu, S. B., Huang, S. Y., Yuan, Z. G., Deng, X. H., & Jiang, K. (2020). Prediction of
the Dst Index with Bagging Ensemble-learning Algorithm.  ApJS, 248(1), 14.
doi: 10.3847/1538-4365/ab880e

Zhang, T., & Yu, B. (2005). Boosting with early stopping: Convergence and consis-
tency. Ann. Statist., 33(4). doi: 10.1214/009053605000000255

{27{



Figure 5. 1-hour (left) and 2-hour (right) ahead predictions for the Nov. 2004 storm using
GBM trained on all considered features. The rst row shows the observed (black) and predicted
(blue) SYM-H values. Rows 2-9 show the contributions from each feature (left axis, colored) and
its value (right axis, black). The percentage contributions are shown in the last row. The contri-
bution from past SYM-H on predictions is omitted, but its percentage contribution is implicitly
shown as the remaining white area in the last row.
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