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Introduction

* “Black-box” Artificial Intelligence (Al) techniques lack explanation of the results.
* Explainable Al (XAI) techniques seek to overcome this limitation but require validation.

Can We Interpret Ozone Predictions with Layerwise Relevance Propagation (LRP)?
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Results and Discussion

 There 1s extensive research into the factors influencing ozone in Los Angeles, allowing us to ool W " 2 served Ozone (ppm served Ozone (ppm . . : .
. . 5 020 SEIES, 5 o e T at median. Whiskers el at median. Whiskers ¢ Note: LRP relevancies sum to the LRP ozone predictions.
evaluate the XAl technique Layerwise Relevance Propagation (Warnecke et al., 2020) on long wincer - lude data with; o - Tude data with hen there ot
: : : include data within ey ——EIE—— | 1nclude data within
short-term memory (LSTM) models against known ozone influencing factors. soring| — | 5x the IOR (10am-tom) | 5x the IOR When there 1s more ozone (summer, daytime), LRP
. . . . . . . .5x the . .5x the . : :
* Ozone is produced through photochemical reactions involving NO, and volatile organic summer| — o o relevancies are higher.
compounds. Meteorology can enhance or suppress ozone concentrations (Pusede et al., 2015, - Statistics of LRP .oy e | Statistics of LRP « p Fig. 3, the individual ensemble members for the LRP
Kavassalis & Murpy, 2017) ‘ ;‘ s e e w  REIEVANCIES by Season I Relevancies by Time  roleyancies are not consistent. For any given ozone
. . . 1o Solar Radiation (W/m?) Solar Radiation Relevance Solar Radiation (W/m?) Solar Radiation Relevance . . . .
* LRP has been applied in the medical and energy fields (Lundberg et al., 2018, Erdem & Eken, 55, A\ L Ll “ ‘ ‘ 5 e P — - prediction, at the hourly scale, LRP does not identify a
g o8 \ AL 1 % § Daytime | Daytime | . .
2020). %%0.6 \A 'lﬂ T ‘ |\| \‘v ’\‘ }l ‘,H!‘ 0 DFEUE) Soring I_ Soring |—II—| (10am-)£lpm) — (1Oam-3:1pm) il COHSIStent drlver-
Our aim is to implement LRP XAI on LSTM models trained with ozone time-series data from  ::. | ki SPREPRE L .
P , : "’80_2 T s [ Summer — * While individual ensemble members don’t have predictive
Los Angeles in order to better understand the quality of LRP results. N 3 Nighttime Nighttime - . L. . .
- \ illf ; | — ol —iH — opmtem power, LRP statistics point to temperature, relative
Methods - Mll lm Mlﬁ '\H“ 2 " el Hmity nelovance " Relatve Humiity (4) " Relatv umity noevance. humidity, and NO driving ozone concentrations. This 1s
s w' 9 wier —— I wineer HH | | consistent with chemaistry!
: : ’ : : N "' l 'l ] "“”r | " us (10am-apm) | L ' (10am-4pm)| —i— Yy
* Data selected from the EPA Air Quality System (AQS)’s Los Angeles N. Main Street station. 5. ” “ “58  spring) Ml —H : : : : :
, 58 . LRP may provide meaningful information about main
* The LSTM was trained on hourly data from 2010-2017 . l ( ” . — Bl e ] ) S
* The model 1s tested on hourly data from 2018-2019. — : :“ — m opmdamy B e il drivers of ozone, but does not seem to provide insights
. . . o . L . s Fail| | - Fall T . g .
* Features included are ozone, carbon monoxide, nitrogen dioxide, wind direction, wind speed, o . S —— B about individual predictions, as seen by the spread in
outdoor temperature, relative humidity, solar radiation, and ultraviolet radiation. = A =y | Nitrogen Dioxide (ppb) - Mirogen Dioxde Rlevnce Nitrogen Dioxide (ppb) o o rotevanee ensemble members for given points in time.
. - . 2.815 L A (AL u l.; ' ”l., > o 2 E Winter I—-- Winter: |—II—| | |
 LRP for LSTM implementation 1s sourced from Warnecke et al., 2020, based on the Arras et al., 5 W“ vv ‘ " I I. v 52 = - o22ime ! o 2ime: —
5 010 l e Spring- -—I Spring-
2017 model. G 26 \ « ' = pg o
. > HI :i Summer/ I—I.—I Summer- I II i Niahttime I
i C Cell State : LRP calculation of relevance: 2 m ' : 3 B o (10pm-aam) | (10pm-4am) —i
. o 3 0 all |—- Fall n
. ¢ Let the lnpU.t gate neuron be Z ° and the %Ezz \ ' i l 2 % 0 10 20 30 40 50 60 -1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00 0 10 20 30 40 50 -1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75 1.00 Q u eStIOnS
s()urce (x ) neuron be z Neurgn f()r the next ggzo 'L ‘ ‘ w 1 g Y Outdoor Temperature (C) Outdoor Temperature Relevance Outdoor Temperature (C) Outdoor Temperature Relevance
4 . l B S* %’ém ”'H?' ‘“ ““ "‘ 0 %é Winter- |—I.—| Winter ll paytime paytime . . .
module 1s z; = z,°z. $2 \‘,' u ﬂ b ’ 'l” jg = - - s (10am-tpm)| T BREE—— | (qoomspm) T lmm—  How/should LRP be used going forward? Given our findings,
Calculate relevance of the source provided S R | .8 what use cases would LRP be beneficial for?
' - . 1 . -4 Summer I—..—I Summer- I—..—l . .
with the relevance of the neuron in the next 7 4 acignttime|  gypy o lgntume 3  What assessment 1s required to explore the features and
4 J module, R, R=R,. e ‘ . & el | ! .2.0 ' ol ,-., — o - functionality of LRP, and other XAl techniques, before they are
, , f e ‘l;‘“.h_\l " iy .\ Ay G Ultraviolet Radiation (W/m?) " Ultraviolet Radiation Relevance Ultraviolet Radiation (W/m?) “Ultraviolet Radiation Relevance. applied?
Figure 1. LSTM Module Architecture (Olah, 2015). 52, TIPSO “ " i winer, Pl— . 4
g5 ' £ (Loamapm| I | (1o, HH
D Oo01 1 \_J \ _3:) Spring - Spring; I—II—I
03:2 — 24 Summer+ _ Summer- I—II—I SO u rces
—~ 300 3 Nighttime | Nighttime| HH
P . g ) rail| [ Fall- HH Hopm-tam) HLopm-gam)
LSTM Ozone Prediction at N. Main Street , LOS AngEIes égzz ‘J “‘ .N“ M l‘ “'” M Sy 1. Arras et al., Proceedings of the 8th Workshop on Computational Approaches to
0.6 —— | STM Prediction gé B ‘ A lll } '," " 'V ” l ‘ o %) g Wind Direction (degrees) Wind Direction - Resultant Relevance Wind Direction (degrees) Wind Direction - Resultant Relevanc Subjectivily, Sentiment Cll’ld Social Media Analysis, 2017
0.5 AQS Observation ;5 = 10 ‘, '"' ‘1-;5 : winter| (N | Winter| HH ki i 2. Erdem and Ekern, Mediterranean Conference on Pattern Recognition and Artificial
| 8 s 2 soring. —— RS 1 e ' (10am-4pm) — (10am-4pm) - Intelligence, 2020.
— i 3 pPring1 pring .
Q 0.4 w_ ° 4 3. Kavassalis and Murphy, Geophysical Research Letters, 2017.
% 03 i’ z Summer| ——l—— | summer| i — — 4. Lundberg et al., Nature Biomedical Engineering, 2018.
S . 1 = ' ) g — . e (10pm-4am)| I (10pm-4am)] i 5. Olah, 2015, accessed Dec 9™, 2023, http://colah.github.io/posts/2015-08-
8 - ‘ . [ é%s l l 'A : gg 0 50 100 150 200 250 300 350 -1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00 0 50 100 150 200 250 300 350 -1.00-0.75-0.50—0.25 0.00 0.25 0.50 0.75 1.00 UnderStandlng_LSTMS/
0.1 ‘I, I §§4 V w 'ln 'N N LGg é Wind Speed (mph) Wind Spéed Reéultént Rlelev'ancé Wind Speed (mph) Wind Speéd -'Re'sultént Relévaﬁce 6 Pusede et al., Chemical R@Vi@WS, 2015
| =g d w ‘ ’ == winter| — I Winter HH | 7. Warnecke et al., 2020 IEEE European Symposium on Security and Privacy (EuroS&P),
0.0 ° 1 (L0am apmy — (10am 4pm) HH 2020.
'\,% '\'(b '\'(b ,\fb '\’% .\fb ! . Spring: I—.- I Spring: |—“—|
N N N N N S - .
Qﬂ:\/ Qﬂf) Qﬂfb é’g\/ C“QC) CYQQ e 3 summer| — smmen - Nightti 1 Nightti -
% E 5 % | ime | I | me |
o o & o 0 0 ' . N Acknowledgements
Figure 2. LSTM ozone prediction in comparison to ozone observations for a short example window. i“ j; " carbon Monoide (ppm) T arbon Manoxide Relevance " Carbon Monoxide (ppm) 7 Carban Monaxide Relevance.
R? for all two years of test data 1s 0.71. gsé‘éo.zs L3 winter| — IR Winter| —J Funding for this research was generously provided by Harvey Mudd College through the
. . 5 020 -3 Loam o —IE— (L0 hom] HH Program in Interdisciplinary Computation and the Leeds Student Travel Fund. We would
* Our LSTM predlcts ozone well with an R==0.71. o spring | Il >pring HH like to thank the Harvey Mudd Chemistry Department and Hixon Center for Climate and
* Ozone diurnal trends are captured well, as seen 1n Fig. 2. o summer| —J— Surmmer| HH the Environment for providing space and computing resources for the project and Bruce
) ) ) o . F1 gure 3 . Example time series (onghttime. +— (1onghttime, HH and Sharon DePriester for their donation to the FICUS lab
If the LSTM predicts ozone well, why does it predict the mixing ratios it does? : rail) — Fall i
with 10 member LRP ensemble.

02 04 06 08 10 12 14

-1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00

0.2 04 06 08 1.0 12

-1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75 1.00



	Slide Number 1

