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VIEWS3 B 2 #:The Violence Early-Warning System, & — /A T IEIRFN 693 X BUE % /) E R %,
EFEARARALEFE KRS (Uppsala University) 5 837 & F=-F4F 52 B (Peace Research Institute Oslo)
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AN Z %A E S NGRS IIEAE R (Model Ensemble) . A #fk& KA2LZER., NTF,
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(VIEWS - Department of Peace and Conflict Research - Uppsala University, Sweden (uu.se))
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 VIEWS 1.0: Hegre et al., 2019, ‘“VIEWS: A political violence early-warning system’, Journal of Peace Research,
56(2), pp. 155-174

VIEWS 2.0: Hegre et al., 2021, ‘“VIEWS2020: Revising and evaluating the VIEWS political Violence Early-
Warning System ’, Journal of Peace Research, 58(3), pp. 599-611
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Uppsala Conflict Data Program Georeferenced Event Dataset (UCDP GED): ,-1989-2017-F & #K
R AR

PRIO-GRID: &,4-1946-2008-F 84 . 25, A, gty K B XL L K

The World Development Indicators: #7789 &K R 454, A5 RA. 5. # 2 HRF
Excluded Ethnic Groups: #% #E Jr 74 % % 4% (Cederman, Wimmer & Min, 2010)

Demographic Factors: A 2 5 &5 (Lutz et al., 2007)

Armed Conflict Location and Event Dataset (ACLED): & 35547 T B A& 3%

The V-Dem Dataset: 4 3k &, £ 4%
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Tk=oe*Fk
« Step2: ARt — 18P, ’WJ 75 2 4B 5 4 RSy
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° Step 4 : ﬁ aStep 2_3ﬁ ilj ‘}}ﬁ\ dﬂ\l ;!:ﬂ 2k Tasre 1. Transition Prt’;habilh},‘(lj:;i)::‘:::lﬁf!]‘i:‘.l at tvs. at £ — 1, 1970-2009
Step 5: ¥ % Step 1-42 3110007k i —" o
5116 (0.966) 156 (0.029) 23 (0.004) 5295 (1.000)
Lingha %4@ Rl i S O Foie
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o R R AN A (HIBE) e
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Hegre, H&vard; Joakim Karlsen, H&vard Mokleiv Nygad, Hévard Strand & Henrik Urdal (2013) Predicting armed conflict 2010-2050.
International Studies Quarterly 55(2):250-270.

«  Hegre, H&vard; Halvard Buhaug, Katherine V Calvin, Jonas Nordkvelle, Stephanie T Waldhoff & Elisabeth Gilmore (2016) Forecasting civil
conflict along the shared socioeconomic pathways. Environmental Research Letters 11(5): 054002.
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PLE . AR R EM AR (¢ +1,...,t+12,...,t + 36)

WA Yegs = XeBr, fors € (1,36)

JE ER X 4

CHBRE (R
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o  FRMAZA (MM AK) :
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* One-Step ahead Logit
*  One-Step ahead Random Forest
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Table II. em (country-level) models

Baseline
Proportion of months in training period with conflict
Conflict history theme

Lagged conflict (sb, ns, os)

Decay functions (2712 where m is the number of months
without conflict and 12 months the half-life parameter;
sb, ns, os)

Demography theme

Population size

Proportion of population between 15 and 24 with at least
lower secondary education

Proportion of population living in urban areas

Economy theme

GDP per capit, oil rents only

GDP per capita, excluding oil rents

Growth in GDP per capita, oil rents only

Growth in GDP per capita, excluding oil rents

Institutions theme

Democracy

Semi-democracy

Time since pre-independence war

Time since regime change

Proportion of population excluded from power

Time since independence

Protest theme

Lagged protest

Decay functions (212 where m is the number of months
without protest and 12 months the half-life parameter)

All themes
Baseline + Conflict history +
Demography + Economy + Institutions
All themes + protest
Baseline + Conflict history +
Demography + Economy + Institutions + Protests

‘All themes’ and ‘All themes + protest’ specifications are separated
because protest data only exist for a limited time period.

Table 11I. pgm (PRIO-GRID level) models

Baseline
Proportion of months in training period with conflict
Conflict history theme
Lagged conflict event (sh, ns, os)
Months since last conflict (decay function 2~ m/12, ob. ns, 0s)
Spatial lag of lagged conflict event (sb, ns, os)
Natural geography theme
Distance to nearest secondary diamonds resource
Distance to nearest petroleum resource
Proportion of mountainous terrain
Agricultural area
Barren area
Forest area
Shrublands
Pasture land
Utrban areas
Social geography theme
Distance to neighboring country
Travel time to nearest city
Distance to capital city
Population size
Gross cell product
Infant mortality rate
Number of excluded groups
Country-level (cm) theme
Democracy °
Semi-democracy
Time since independence
Time since pre-independence war
Time since regime change °
Proportion of population excluded
GDP per capira, oil rents only
GDP per capita, excluding oil rents
Growth in GDP per capita, oil rents only
Growth in GDP per capita, excluding oil rents

Proportion of population living in urban areas
Protest theme
Lagged protest
Months since last protest (decay function 2~
Spatal lag of protest
All themes, without em
Baseline + Conflict history +
Natural geography + Social geography
All themes, with om
In this model, predictions are either generated by (1) adding
the ‘cm theme’ variables to the ‘All themes, without cm’
model; or (2) multiplying predictions from the ‘All
themes, without em’ model predictions obtained from
estimation at the pem level with predictions from the ‘All
themes’ model estimated at the ¢m level. For details on
(2), see section on cross-level representation.

m/12 }

All themes, without cm + protest
Baseline + Conflict history +
Natural geography + Social geography + Protest

‘All themes, without e’ and “All themes, without em + protest’
specifications are separated because protest data onfy exist for a lim-
P P P )

ited time period.

CMZR A : 24042 A (3AP M 77 ik, 8
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pgMZE A : 30 MR ( 3AP M 7 ik,
104~ £ 41)

*J&em2g ) B T Ao A pgm E AR AE R ST A 5 8o

Population size ﬂ X-‘j— ,{I&)}’(L ]U\;Ij& ]X jiéj\-)?'}ﬁ\ ‘;ﬁllj ()]—?.17‘ %’z = é&})’((‘ ]V\T__IJ%‘J

Proportion of‘popullation berween 15 and 24 with at least
lower secondary education
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« AUROC (Area under the Curve of the Receiver Operating Characteristic)
o« TPR=—_""_ fifattdk (FtEAF b ARSI E)
« TNR=—1N_ AMHE (HWHIF P HEHRT L E)

"~ FP+TN’
« AUPR (Area under the Precision-Recall Curve)

o« PR=—"— AL CHUM FPEIF P E R )
TP 733 | 1 Z R 23
* R=—— BEF (MEHTFHEEHRALE)

« BS (Brier Score)
BSZ%Z?[ﬂ(ﬁi—AJZ, K Bo AR R (AR AR VR A R AR S )

« Accuracy
o A=—T ks (TN M S I E AL E)
TN+FP+FN+TP’
e F;-Score
© R =2x— 0, FHFH GRDILIIPRERE FAK)
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F4: cmZ Al R KA shAHE M 2015.1~2017.12

Mudlti-threshold metrics Single-threshold metrics
Modelltheme combinations AUROC  Brier score AUPR  Accuracy Fi-score  Cost-based threshold
Baseline 0.8238 0.1252 0.675 0.625 0.521 0.132
Baseline + conflict history theme 0.9442 0.0662 0.851 0.852 0.741 0.055
Baseline + conflict history + economy themes 0.9266  0.0668  0.830 0.873  0.764 0.083
Baseline 4 conflict history + demography themes  0.9448 0.0642 0.838 0.803 0.690 0.090
Baseline 4+ conflict history + institutions themes (0.8855 0.0680 0.778 0929 0.844 0.724
All themes 0.9352 0.0693 0.807 0727 0.622 0.089
Ensemble 0.9555 0.0932 0.869  0.846 0.745 0.126

%5: pgm& A, R XA shHIEFAMN2015.1~2017.12 (SiE{a ey A B H 54)

Multi-threshold metrics Single-threshold metrics
Model/theme combinations AUROC  Brier score  AUPR  Accuracy  Fi-score  Cost-based threshold
Baseline 0.6324 0.00657 0.049 0.994 0.159 0.017
Baseline + conflict history theme 0.8920 0.00718 0.225 0.988 0.262 0.066
Baseline + conflict history 4 social 0.9225 0.00676 0.227 0.992 0.278 0.141
and natural geography themes
All themes 0.9125 0.00650 0.245 0.990 0.254 0.110
Ensemble 0.9484 0.00623 0.277 0.991 0.289 0.064

CCDA
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24

N 25 48 A0 () o oo . :
A mi P B §
3 ] IS < I3 |
* Step5: RM#EImMUSIELA & R AL .“ e B Calndr
S [ TRAINING PERIOD | CALIBRATION PERIOD | TESTING PERIOD. ]
T8 + 12|75 49 F N - —_— : :
f ) - Y M'fr_ IR | | Prediction Testing and evaluation
g x |[]] ] ey procedure
g ‘ g ES | % § 3 é f:f D:] Training period (t},t})
§ -y Y (Liw ":;"n‘:’c‘”“ ED Calibration period (T+1.")
: g Ihw TR e B resnopeiosciois)
== Rolling window
Calendar
Wh time
1 JERATION PERIOD DATING FORECASTING PERIOL
_ y [T m TR EMHMWM'HM
&1 . R RS et from
g X | [MM oy True forecasting procedure
o = = = = é %
g i = = = 2 = - Dj Training period (t,,,)
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2R & H2 (BRD—Battle-Related Death)
e >25BRDsw>1BRDs : HAEBRERHEHF, H—NRTHHLEWE,

AR BT A AT I

Variable Mean, 2013-15, cm | Mean, 2016-18, cm | Mean, 2013-15, pgm | Mean, 2016-18, pgm
State-based (sbh), > 1 BRDs 0.209 0.240 0.000643 0.000572
State-based (sb), = 25 BRDs 0.096 0.110
One-sided (os), > 1 BRDs 0.151 0.222 0.000528 0.000232
One-sided (os), > 25 BRDs 0.062 0.061
Mon-state (ns), = 1 BRDs 0.105 0.146 0.000349 0.000356
Mon-state (ns), > 25 BRDs 0.061 0.073

o MM ATFHTEAA (EAR)
o RUNTRAT T R AR
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HEE
e cm: 3EAA-F 3 => Ensemble Bayesian Model Averaging (EBMA)
o pgm: AEAAF => JEhei-FHY
o  EBMAZECMA A4 L& R A& FINIF TIAERBEH, 12 AEpgmAR H|H 380 & N E,
*  POMAFNEKIEF AT EOHFEARFEFEL (REARBERE. 20% T8 RT)

EBMA:
« AEHEERT, REBRIEREENEANRAABRBERAER T, (LANRFEAIRSRE, REFINERE)
o IR (LEINHEANT; RIEEAT; MKENT)
« Stepl: EIGHRFINHKNTE ZA209ERE S fors € [1,36]
. aw2pﬁw%ﬁ%%AK&&ﬁﬁ%%ﬁ%%ﬁ%%ﬁﬁ“MweT
+  Step3: ABIEECARIRLRyHERLT, HARBBIEEg I
. Step4: LAK/AMEA GIPDFZE Aast B e R AR EW,, A X4

K K
f't, ;'t) = Z wkgk(ylfkslt),where wy € [0,1] and Z wp =1
k=1 k=1

« Step5: RIFEFIGENMEwW,, 4%%1‘/‘9!‘]%%%’(#&%)\#%?2?f?é'lgk(ylfkslt*) fort* e T*
e Step 6: FREIAEA FAM L5 R Ao K A= 13 2| A FAM p* (y £ Kslt*)

p(y

A8 % Ak
*  Montgomery, Jacob M; Florian M Hollenbach & Michael D Ward (2012) Improving predictions using ensemble Bayesian model averaging.
Political Analysis 20(3): 271-291. 15
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o FAIGAKL:
« VIEWS 1.0 (244) =>VIiEWS 2.0 (161)
« BEAEHEMEA RV EE)
« #HWFAELRATERER (EAXARAFHMEEA. BT ALK

e TREMME., ERINTZUAMRBLEFT B ANE (X HEZT RN EF)
. m%i.aﬁAﬁ\ﬁ%ﬁ%ﬁ%%
e %174 GDP. A%

o e NFBHAT AT K K B Yol a9z 5 (R 47)

« ACLED protest#=ACLED violencet® & &, 3 R L e ik /1 ) £
« icgewAE A 4 B PR G AL L1 ML IR b A ] 4

* reign_glob#E A &, AR a9 kA, BT A AR F AT EI1E 8, reign_coupstE R &, 4 F F K
a9 F) X e

« reign_droughtA2 7 i i 6,36 T F /1% K 38 R 4235 % 7k By %oy 4015 5
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A2 A RAL

« VIEWS 1.0 (304%) =>VIEWS 2.0 (124%)

o FTMRESEKRN Az Mo X 69 5 /) K AR (8,42 0] 3B & A= i 18] 35 69 & FF 48 2T Ao AL 45 4E)

& ) XGBoostxtall_theme#k 4% & 1t 17

Figure C-4. Predicted probabilities, ensemble madels, sb, os and ns, s = 3 (month 483, March
2020), based on data up to December 2019
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Figure C-5. Predicted probabilities, constituent models, sh, s = 3 (month 483, March 2020),
based on data up to December 2019
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