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PROBLEM	
STATEMENT	&	
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Drought	Impact	and	Prevalence
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• Concern:	Globally,	droughts	are	the	
biggest	concern	from	climate	
change

• Prevalence:	Frequency	and	
intensity	of	droughts	has	increased	
over	the	last	century1

• Impact:	Since	1900	Global	droughts	
have	affected	2	billion	people	and	
lead	to	more	than	11	million	
deaths.2

[1] https://climate.nasa.gov/news/2617/study-finds-drought-recoveries-taking-longer/
[2] https://www.thefiscaltimes.com/Articles/2014/09/05/High-Cost-Droughts-Around-World

https://climate.nasa.gov/news/2617/study-finds-drought-recoveries-taking-longer/
https://www.thefiscaltimes.com/Articles/2014/09/05/High-Cost-Droughts-Around-World


Our	Focus:	Horn	of	Africa
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With the goal of maximizing the impact of our predictions we have decided to focus on the region most affected by droughts.
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DROUGHT	
CLASSIFICATOIN	

&
DATA	SELECTION



What	is	a	drought?
There	are	many	definitions	of	a	drought

“Drought	is	caused	by	
not	only	lack	of	

precipitation	and	high	
temperatures	but	by	

overuse	and	
overpopulation”
David	Miskus – a	drought	expert	and	

meteorologist	at	the	National	Oceanic	and	
Atmospheric	Administration's	(NOAA)	Climate	

Prediction	Center.
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DROUGHT SELECTION FOR MODELING: 
METEOROLOGICAL



Meteorological	Drought	Indicator:	SPEI
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[1] https://spei.csic.es/home.html
[2] https://climatedataguide.ucar.edu/climate-data/standardized-precipitation-evapotranspiration-index-spei

What	is	SPEI?
Standardized Precipitation	Evapotranspiration Index1:

• Measures	drought	severity	according	to	its	intensity	and	duration,	and	can	identify	the	onset	
and	end	of	drought	episodes

• The lower	the	index,	the	more	severe	the	drought	(usual	values	range	between	-2	and	2)

Why	choosing	SPEI?
• It	takes into	account	both precipitation and	potential evaporation in	determining drought,	
therefore,	SPEI captures	the	main	impact	of	increased	temperatures	on	water demand2

[3] https://www.mdpi.com/2073-4441/10/1/65/pdf

https://spei.csic.es/home.html
https://climatedataguide.ucar.edu/climate-data/standardized-precipitation-evapotranspiration-index-spei
https://www.google.com/url%3Fsa=t&rct=j&q=&esrc=s&source=web&cd=3&cad=rja&uact=8&ved=2ahUKEwi_xfm3_Y3kAhWyY98KHUHWDZcQFjACegQIABAC&url=https%253A%252F%252Fwww.mdpi.com%252F2073-4441%252F10%252F1%252F65%252Fpdf&usg=AOvVaw0jwADbyyPFgwcGYrXNePX4


Our	Data: Monthly	SPEI	measurements	from	the capitals	of	Somalia	&	Ethiopia

9

New	TS	window:
Timeframe: Dec-1999	to	Nov-2018	(228	months=19years)
Train: 1999/12	- 2016/11	|	Test:2016/12	- 2018/11

(204m	=	17yrs)									|										(24m	=	2yrs)

Original	TS:
§ Clear	change	in	level	across	time
§ In	order	to	control	for	changes	in	data	generation	process	

(climate	change),	we	restricted	to	more	recent	window
§ Location	close	to	the	equator	makes	data	relatively	stable

Datasource: https://spei.csic.es/home.html

https://spei.csic.es/home.html


MODELING
1. Benchmark	Models
2. Exponential	Smoothing:

• Simple	Exponential	Smoothing	(SES)
• ETS

3. ARIMA,	sARIMA
4. Spectral	Analysis
5. VAR,	Regression	with	ARIMA	error
6. TBATS
7. Model	Selection	&	Final	Predictions
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Analyzing	ACF/PACF
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ACF: Slowly Decaying
PACF: Drop off after lag = 3

ACF: Sinusoidal Pattern
PACF: Sinusoidal PatternStationarity Tests Somalia Ethiopia

KPSS Test (H0: stationary) 0.07902 0.1

ADF Test (H1: stationary) 0.01412 0.01

SOMALIA ETHIOPIA
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Benchmark	Models

13*RMSE based on test data set 

RMSE	

RMSE	

SOMALIA

ETHIOPIA
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Exponential	Smoothing: Simple	Exponential	Smoothing,	ETS
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ETHIOPIA

RMSE	
SOMALIA

*ANN : Additive errors, no trend, non seasonality

RMSE	



Exponential	Smoothing	Model
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SOMALIA

ETHIOPIA
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ARIMA/sARIMA	Model	Selection
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Somalia EACF Matrix

Ethiopia EACF Matrix ACF:
• No clear initial drop off
• Seasonal lag of 9 decay

PACF:
• No clear initial drop off
• Seasonal lag of 9 drop off
Suggests -> AR(1)[9]

ACF:
• Slow initial decay
• No clear seasonality
PACF:
• Initial drop off at lag = 3
• No clear seasonality
Suggests -> AR(3)

SOMALIA

ETHIOPIA

9

18

27 9



ARIMA/sARIMA	Model	Selection
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[12]

SOMALIA

ETHIOPIA

RMSE

RMSE



Best	ARIMA/sARIMA Models
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SOMALIA

ETHIOPIA
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SPECTRAL	ANALYSIS	– Dynamic	Harmonic	Regression
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SOMALIA

ETHIOPIA



SPECTRAL	ANALYSIS	– Best	Model
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SOMALIA

ETHIOPIA

K = 4 AICC 532.2842

K = 3 AICC = 416.0661
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Adding	additional	variables

25

Variable Description Reasoning

Temperature

§ Monthly temperature 
in Fahrenheit 
(Mogadishu & Addis 
Ababa)

§ Source: https://ww
w7.ncdc.noaa.gov/C
DO/cdoselect.cmd

§ Temperature is non-
deterministic

§ Main driver of 
droughts; not directly 
captured by SPEI

Fatalities

§ Monthly fatalities 
caused by civil unrest

§ Source: https://www.
acleddata.com/data/

§ It has been shown that 
droughts can be a 
cause of civil unrest [1]

§ We are interested in 
forecasting only, not 
necessarily in inference

ENSO Index

§ ElNino/Southern Oscill
iation (ENSO) - state 
of the tropical pacific

§ Source: https://www.
esrl.noaa.gov/psd/ens
o/mei/

§ One of the primary 
predictors for global 
climate disruption [2]

§ Might be able to 
capture effects of 
climate change

Food prices

§ Monthly food prices in 
Somali shilling (ONLY 
for Somalia)

§ Source: https://data.
humdata.org/group/
som

§ Food prices are soaring 
as a result of droughts, 
especially in poorer 
regions [3]

§ Again, not interested in 
inference

[1] Jones, Mattiaci, Braumoeller (2017): https://doi.org/10.1177/0022343316684662)
[2] https://www.esrl.noaa.gov/psd/enso/mei/
[3] Hill, Fuje (2018): https://editorialexpress.com/cgi-bin/conference/download.cgi?db_name=CSAE2018&paper_id=746

§ Lowest AICc for 
temperature (-139.09)

§ Temperature is the only 
significant variable (1%-
level)

§ Low R-squared

§ Lowest AICc for
temperature (-49.66)

§ Temperature is the only 
significant variable (5%-
level)

§ Low R-squared

Continuing with 
temperature only



Temperature	as	explanatory	variable

26

Stationarity Tests Somalia Ethiopia

KPSS Test (H0: stationary) 0.1 0.1

ADF Test (H1: stationary) 0.01 0.01

New	TS	window:
Timeframe: Dec-1999	to	Nov-2018	(228	months)
Train: 1999/12	- 2016/11	|	Test:2016/12	- 2018/11

Original	TS:
§ Shows	seasonality	(seasons),	however,	location	close	to	the	

equator	makes	data	relatively	stable
§ No	trend

Data are stable



Regression	with	ARIMA	error
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Regression residuals
§ ACF: slowly decaying
§ PACF: clear drop off at lag 1

Regression residuals
§ ACF and PACF show sinusoidal pattern
§ No clear drop off or decay

SOMALIA	(Regression	residuals)

ETHIOPIA	(Regression	residuals)

Stationarity Tests Somalia residuals

KPSS Test (H0: stationary) 0.0467

ADF Test (H1: stationary) 0.0174

Stationarity Tests Ethiopia residuals

KPSS Test (H0: stationary) 0.1

ADF Test (H1: stationary) 0.01

First-order differencing



Regression	with	ARIMA	error	(cont.)
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ETHIOPIA

SOMALIA



Regression	with	ARIMA	error	(cont.)
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SOMALIA

ETHIOPIA



VAR

30

SOMALIA



VAR
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ETHIOPIA



MODELING
1. Benchmark	Models
2. Exponential	Smoothing:

• Simple	Exponential	Smoothing	(SES)
• ETS

3. ARIMA,	sARIMA
4. Spectral	Analysis
5. VAR,	Regression	with	ARIMA	error
6. TBATS
7. Model	Selection	&	Final	Predictions
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TBATS
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SOMALIA

ETHIOPIA

Lambda = 1
Arma Error = {0,0}
Damping = none
Seas. P = 12
Fourier Terms = 3

TBATS(1, {0,0}, 0.952, {<12,3>})

Lambda = 1
Arma Error = {0,0}
Damping = 0.952
Seas. P = 12
Fourier Terms = 3

TBATS(1, {0,0}, -, {<12,3>})
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Model	Selection
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ETHIOPIA

SOMALIA



2019-2020	Predictions
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SOMALIA

ETHIOPIA
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ARCH/GARCH



Variance	Over	Time
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ETHIOPIA

SOMALIA

High	variance	of	SPEI	in	both	
Somalia	and	Ethiopia	over	the	period	
suggests	that	ARCH/	GARCH	model	
would	be	a	good	choice	in	forecasting	

drought.	



ARCH/GARCH	– Somalia
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SOMALIA

ARIMA

ACF	PLOT

GARCH(1,1)

Overall,  the return of SPEI in SOMALIA 
follows an GARCH(1,1) process.

The Ljung-Box test indicates that the return is not white noise, which is serially correlated and 
predictable.  ARCH(1) model essentially regress r onto its 1st lag.

Accept the null hypothesis that the conditional 
distribution of the return is normal distribution 

ARCH(1) model is adequate with 
white noise error



ARCH/GARCH	– Ethiopia
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ETHIOPIA

ARIMA

GARCH(1,1) The Ljung-Box test indicates that the return is not white noise, which is serially correlated and 
predictable.  ARCH(1) model essentially regress r onto its 1st lag.

Overall,  the return of SPEI in ETHIOPIA 
follows an ARCH(1) process.

ACF	PLOT

Rejects the null hypothesis that the conditional 
distribution of the return is normal distribution 

ARCH(1) model is adequate with 
white noise error



ARCH/GARCH	– Forecasting
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In	the	long	term,	the	
variances	converge	to	the	
mean	of	the	variance	of	the	
unconditional	variance.

SOMALIA

ETHIOPIA
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CONCLUSION	&	
FUTURE	WORK



Conclusion	&	Future	Work

Best	models:
§ Somalia:	ARIMA(3,0,3)
§ Ethiopia:	TBATS

Why	is	forecasting	SPEI	difficult?
§ SPEI	patterns	are	close	to	white	noise
§ Weather	patterns	are	some	of	the	most	complex	&	difficult	to	model
§ SPEI	index	is	composed	multiple	attributes,	each	of	which	is	prone	to	external	influences

What	future	work	is	needed?
§ Get	more/better	cross-sectional	data	to	improve	explanatory	power
§ Model	SPEI	for	more	regions	in	the	world	to	see	what	models	apply	to	different	environments

43



THANK	YOU!
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APPENDIX
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