- CHERRY BLOSSOM PEAK BLOOM PREDICTION -

Stephanie Plaza, Elise Rust, Amalia Stahl, Adiam Tesfaselassie

AT l. Methods Il. Results

L i n e O r R e g re SS i O n D e C i S i O n T re e S In order to best compare the different models, a summary table was created comparing predicted peak bloom for each model and location along with the residual mean

square error.
Decision Tree regression was

Given it's simplicity, Linear regression was run first in order to predict peak bloom date. 3 used fo predict Day of Peak

regressions were run in order to account for the different peak bloom dates of each city and best Bloom using all season’s Flg ure 7: Pruning Cross—Vo|io|o’rion Flg ure 14: Summa ry Table

model subset selection was used in order to determine the best model for each city. The results of
temperatures, as well as

° both the regressions and the model selections are included in the tables down below. ) L
location data. Cross Validation
L Using Cross-Validation to Optimize DT Pruning
P was used to optimize the tree S

Figure 5: Linear Regression Results complexity and select the i

number of terminal nodes that

280

Predicted

arn
——

Cherry blossoms are an icon of Figure I: Time Series - L . minimize classification error 2 \ll". Petlk # D(lys Oﬂ‘ RMSE
spring and are celebrated in i G : Gt || Pl " rate. Bloom
many cultures and cities. The Cherry Blossom Bloom Dates Throughout the Years, il
peak Cherry Blossom bloom date 1950 _2021 o i | \
is defined as the day when 70 S 5 Results Summary: " Kyoto April 3rd April 5th 2 3.70
percent of the blossoms are in by Location s
full bloom (the United States Kyoto 4 23273 | -0.04 -1.07 -3.50 ogs | Cro7rwinter | o 1. MSE = 50.89 . b / .
Environmental Protection 120 C3.58927"spring) 2. RMSE = 7.134 . < N o Liestal Apl‘ﬂ 3I'd April 6th Linear 3 8.96
Agency, 2021 ) Peak bloom in (0.71605*su)mme 3. Terminal Nodes = : : . .'1' : ) REgI'ESSiOD
Washington, DC, Kyoto, Japan, T temp after Prunine — 8 2 ‘ s . 0 "
and Liestal, Switzerland, occurs i : nodes 8 et Washlngton March 21st March 251:]’1 4 7.42
typically between mid-March to - \ ‘ ‘ ‘ Degaiin y = 192.6047
meid':)Ac;Ipril. T|he fe ”“rfolilj ?:Iming 2 - N" ’ '. \ f\‘ ,’ " . ’ ‘ By S - 192.60 X -2.42 -5.20 X (;ﬁg); 0.43 8.96
peri can last up ays, o ? { . ( = iestal : . 4 3
including the days leading up to g ' ‘ X, “ l = washingtonde (fl;fi?f;? Ry April 3rd April 7t 4 oot
peak bloom. Since 1921, peak i v ‘ Y ‘
bloom dates have shifted by y =503:18407 Figure 8: Regression DT Liestal ril 3rd ril 7th s 1
approximately six days earlier, . - - g . keg April 3 April 7t Decision Tree 4 7-134
and peak bloom dates for cherry e : 59318 024 = Bk - Y"fﬂ g8 74z
trees continue to occur earlier (-1.69682 Washington March 21st ril 7th 18 7.134
than they did in the past (United o s | T i — - Q Bt i
States Environmental Protection
Agency, 2021). Cherry blossoms' peak bloom dates can be used as indicators of climate change. . . . fall_temg . ]
Chung, JI, and SH (2011) state that due to cherry trees' sensitivity to winter and early Flg ure 6: MOdel Se|eCT|on i KYOtO Apl"ll 3I'd Apl"ll 6th 3 5887
spring temperatures, the timing of cherry blossoms is an ideal indicator of the
impacts of climate change on tree phenology. Similarly, JH et al. (2015) found that in O oy
. . the Korean Peninsula, rapid temperature hikes in late spring likely brought forward Liestal ril 3rd April 2nd 1 5.887
Flg ure 2: Sco’rferp|o’r the peak bloom dates of cherry blossom. Shi et al. (2017) also found that rising R location T N Ap P Random Forest
Spring Daily Average Temperature vs Cherry Blossom Bloom Day winter low temperatures delay the first flowering time. . Winter temp . : - o . L .
. . . inter tem = e: . rin+ em rm+ . ; 0.- 02 03 as in on arc 2151: arc ISt 10 .
I Figure 3: Scatterplot oo | Sprns | T ey | e | summectemp | 5 odsisacs | 4 O : Bt . B
L | Spring temp Summzrtemp Summi”emp Y;'M g: g:igggf:; sumrr__pé temp fall_lemp 94,333 100.471
i ) Winter Daily Average Temperature vs Cherry Blossom Bloom Day Year - spring_ten < 29fh= 0,051 »= 10 908 14:003
o le ? . . b / ' 3 3
L R L T . » . Kyoto April 3rd April gth 6 83.10
. . s N e . inter temp L
e st le, . ° Location . 3 . . ] Winter temp o O .
- eteTIERLY . = N Y ) IR ¥ A e e | - : - di
2 e M vt SR IR e o vastnglonde & A '. LD S o Liestal Stgg“g o Spring temp + Fall Temp 3. 05482505 2 summer te 83.375 91,562 summentemp 101.857 Liestal Apl“ll 3I'd Apl"ll 9th Gradient 6 8483
. b b o % £ . e o 8o 1% =% N ’} LB 5 P Pring temp + Fall Temp + 4. 05446729 = / B .
- : . % " [ . ...t.‘ *o‘ . iy o =5 o ...: o' -. : '“':s‘::ngwndc Fall Temp i +T : SummirTemp 5. 0.5433808 Oostmg
. . - - - ~ St :.....n. ..;. ummer Tem S . .
) ) L s . O Washington March 21st April 3rd 13 70.23
80 ®e > . ° Year
’ . a Year . Yiﬂl' Sprin;temp 1. 0.1985136 winter_ten
o . o e o 0 4 8 12 ashington Year o pring temp + 2. 0.2938646 y
el LR e 2 2357
Winter temp + Summer temp 5. 0.2755351
Summer temp + |
Fall temp (]
GOO'S Q d F -|_ 90.714 97.6 |V. COI IC‘USIOI |S
The goal of this project is to predict the peak bloom day in 3 day different locations. o . . o N . _
Rand : : . . The task of predicting cherry blossom peak bloom is notoriously difficult given how dependent it is on the 10 days of spring temperatures preceding the bloom.
andom Forest was employed to address some of the pitfalls of DT - namely how coarse the F|9ure 10: Grid Search | | : ; stical model h v h d oredict bl based on historical d q N
splits were for just one tree. Grid Search was employed to identify the optimal number of Howev_er, our goal was to employ a variety ot statistical models to assess how accurately they could predict bloom based on historical data and compare the
. trees to grow and the optimal number of variables randomly sampled as candidates at each effectiveness of each.
R e S e O rC u e S-I- I O n S split that minimize MSE. Then, quantified variable importance was derived by looking at how Grid Search Optimization for Random Forest
each variable improved node purity, as well as how they influenced MSE. For 6 Candidate Variables and up to 100 Trees . . .
From this methodology, we concluded that linear regression
|. What at variables are the best predictors of cherry blossom peak dates? Results Summary: | . :
. . i P y blossom peak dates: | 1. MSE = 34.664 analysis and random forest models were the most appropriate tor
Il. Using regression, decision tree, random forest, and gradient boosting which location has the 2. RMSE = 5.887
- 2 3. # of'I_‘rees =25 i i i
best prediction results? e e the task, and were able to derive peak bloom date predictions
lll. With given variables, between regression, decision tree, random forest, and gradient boosting, :

Figure 9: Variable Importance 4 Concidate Varales or i across three cities (Washington D.C., Kyoto, Liestal) within 2-4 days
1 of actual 2022 dates.

which model is the highest predictive power?

Wariable Importance Plot From Random Forest : . 2
. . 3
501 . 4 I
Methodology . Sanking th del Important Variables
3 - anking the models
Dat Linear Decision  Random Gradient e .
s . s " Bet . % : a . ] -
Regression Tree Forest Boosting A A P PR i TN T TR N T :
" :'I ..= C 'II--'. ?- ol ..:'1 _r| ’: -_.‘.’.' o i R : . ]
al A e R P ST - Linear Regression
1 > ° ° - - . = . i . s, o .
3 =3 e =3 . e * e .
g : i S | , | | | Winter Temperature
ity 0 25 50 78 100
Number of Trees
Cherry blossom peak + simple + easy to interpret + strong prediction + decrease bias error SummerTemperature Species @
bloom prediction - overfitting - overfitting - biased towards - overfitting M . . /)
" . . . . : . - ost Important: Spring Temperature
competition data categorical variables . .. e 1so | ame0 | se00 ) Inlz:rease in lgodegPurityE 3453 RG N d om FO res‘l‘ 533
YlncMSE IncMadePurity

- % Increase in MSE = 8.86 00O
Followed closely by Fall Temp, Winter

Gradient Boosting Temp, Year 53

There are mainly two types of error, bias error and variance error. Gradient boost algorithm helps us minimize bias error of the model. This algorithm starts by building a decision stump and then assigning equal weights to all the %éa D eC | S | O n T ree Yea r

data points. Then it increases the weights for all the points which are misclassified and lowers the weight for those that are easy to classify or are correctly classified. A new decision stump is made for these weighted data points.
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Exploratory Data Analysis

line plots below show us that the correlation is not strong (-0.30 and -0.44, respectively). Spring temperature has a slightly stronger negative correlation to bloom day of year.
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