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Can severity of a humanitarian crisis be s

quantified? Assessment of the INFORM severity
index
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Abstract

Background Those responding to humanitarian crises have an ethical imperative to respond most where the need
is greatest. Metrics are used to estimate the severity of a given crisis. The INFORM Severity Index, one such metric,
has become widely used to guide policy makers in humanitarian response decision making. The index, however, has
not undergone critical statistical review. If imprecise or incorrect, the quality of decision making for humanitarian
response will be affected. This analysis asks, how precise and how well does this index reflect the severity of condi-
tions for people affected by disaster or war?

Results The INFORM Severity Index is calculated from 35 publicly available indicators, which conceptually reflect the
severity of each crisis. We used 172 unique global crises from the INFORM Severity Index database that occurred Janu-
ary 1to November 30, 2019 or were ongoing by this date. We applied exploratory factor analysis (EFA) to determine
common factors within the dataset. We then applied a second-order confirmatory factor analysis (CFA) to predict cri-
sis severity as a latent construct. Model fit was assessed via chi-square goodness-of-fit statistic, Comparative Fit Index
(CFI), Tucker-Lewis Index (TLI), and Root Mean Square Error of Approximation (RMSEA). The EFA models suggested a 3-
or 4- factor solution, with 46 and 53% variance explained in each model, respectively. The final CFA was parsimonious,
containing three factors comprised of 11 indicators, with reasonable model fit (Chi-squared = 107, with 40 degrees of
freedom, CFI=0.94, TLI=0.92, RMSEA =0.10). In the second-order CFA, the magnitude of standardized factor-loading
on the‘societal governance’latent construct had the strongest association with the latent construct of ‘crisis severity’
(0.73), followed by the ‘humanitarian access/safety’ construct (0.56).

Conclusions A metric of crisis-severity is a critical step towards improving humanitarian response, but only when it
reflects real life conditions. Our work is a first step in refining an existing framework to better quantify crisis severity.

Keywords Humanitarian crisis, Severity, Factor analysis

Background

Humanitarian crises present a multitude of possible
harmful health consequences for individuals [1]. When
populations are displaced, new settlements can have poor
housing and sanitation conditions, leading to increased
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diseases [7], access to sexual and reproductive health
care [8], and distribution of immunizations among chil-
dren [9]. Mental health disorders, namely post-traumatic
stress disorder, depression, and anxiety, are common
among the displaced [10]. While each of these morbidi-
ties are harmful on their own, they often interact, wors-
ening overall wellbeing [1], and playing a role in the
larger ecosystem that affects high mortality rates among
crisis-affected people [11]. Moreover, the impacts of
humanitarian crises go beyond individual well-being to
negatively influence communities, society, and the envi-
ronment [12]. Given the potentially devastating and long-
standing impact of a humanitarian crisis, it is critical to
provide aid where it is needed most.

The need for humanitarian assistance is great; yet there
is limited funding available for response. For example,
in 2020, the United Nations Office for the Coordina-
tion of Humanitarian Affairs (UNOCHA) estimated that
there were 166.5 million people requiring humanitarian
assistance and a gap of $14 billion (USD) in aid fund-
ing [13]. With limited funding, it is imperative to assess
which populations are in the greatest need and allocate
resources accordingly. Currently, the United Nations
(UN) system uses the crisis metric number of people in
need (PIN) of humanitarian assistance to guide aid allo-
cation. Because crises are diverse, the definition of PIN
is non-specific [14] and the estimation is based on non-
standardized data collection [15]. Thus, using PIN as a
basis of allocating resources may be limited. One step
towards improving aid allocation is shifting the paradigm
away from asking “how many people are in need?” and
towards, “how bad are their needs?” Accordingly, a sys-
tematic metric of crisis severity, that is “how bad is it?’
would reflect needs in ongoing crises and predict sever-
ity if conditions change [16]. Applying a component
measurement of crisis severity to aid allocation should
help align resource distribution with core humanitarian
principles: humanity, impartiality, independence, and
neutrality.

Developing a metric to quantify the severity of a crisis
is challenging. First and foremost, humanitarian crises
are diverse and evolving events. Of the metrics that can
be applied to a wide array of crises, most are designed for
intra-country assessment of severity (e.g., the UNOCHA'’s
Humanitarian Needs Comparison Tool [17] or Kandeh
et al’s assessment of crisis-related vulnerability in Yemen
[18]). While it is useful to assess geographic disparities,
the need for humanitarian assistance is often based on
estimates of overall crisis severity. For example, Bayram
et al’s 2012 Public Health Impact Severity Scale recom-
mends using expert opinion to rank 12 indicators from
the Sphere Project “Minimum Standards’, with the final
severity score reflecting a weighted sum of the ranks [19].
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This framework, however, has yet to be implemented as
the authors state limited availability of timely data. Eriks-
son et al. proposed a similar approach of ranking and
summing key variables, but conceptualized severity as
more holistic predictor of humanitarian need by drawing
on psychological theory and ranked variable importance
based on presence of the indicator in the literature [20].
Like the Public Health Impact Severity Scale, use of their
model has not been widespread.

The current model used to quantify crises severity is
the INFORM Severity Index, a metric based on compa-
rable data drawn from publicly available sources [21].
Developed via partnerships and through consensus
building among experts, the index uses a conceptual
framework that describes crisis severity as a complex,
multi-factorial construct after the immediate, emergency
phase of crisis. The index is used by policymakers to set
or justify priorities for providing humanitarian support,
bring attention to unknown crises, and to monitor crisis
trends. However, the model has not to date undergone
statistical review.

We seek to critically evaluate the overall index model
structure and assess the relationships between indica-
tors. The INFORM Severity Index database, which was
publicly available under the name ‘Global Crisis Sever-
ity Index (GCSI); included 172 unique crises in the ver-
sion released in December 2019. These crises were either
ongoing as of November 30, 2019, or had occurred earlier
in 2019. The INFORM model inputs 35 unique indica-
tors across three pillars (‘impact of the crisis, ‘complexity
of the crisis; ‘conditions of the people’) to estimate crisis
severity (see Table 1 for data and definitions and Addi-
tional file 1: Appendix 1 for details regarding the GCSI
construction). Because this is the most commonly used
data source for humanitarian stakeholders to assess crisis
severity, our objective is to determine if the entire model
or a subset of its components could be used to estimate
crisis severity through a score. Importantly, the GCSI
dataset tracks diverse crises and analysis of it provides
insight into severity of a wide range of emergency events.
Here, we applied factor analysis, a method commonly
used for data reduction of highly correlated and grouped
data. This review is an attempt to generate a more robust
estimate of crisis severity.

Methods

Data

We analyzed data from the beta version of the INFORM
Severity Index database, which was publicly available
under the name ‘Global Crisis Severity Index (GCSI)
and released in December 2019 [22]. We extracted data
from 172 unique global crises that were either ongoing as
of November 30, 2019, or had occurred earlier in 2019.



Page 3 of 17

(2023) 19:7

Lopez et al. Globalization and Health

"S9LIUNOD Gp | 10} S1x21 dAduDsap buoddns pue

sBulles [eOUBWINU JO PasOdUIOd 11| "PLIOM Yl PUNOIR SIS

-gl| I\ pue s1ybu [ednijod Jo uopuod ay3 buissasse ‘1odal

(£10Z u1) U0 SISUD-UON lenuue diysbey) S9SNOH WOPaaid S PUOA SY1 Ul WOPaa.4

"3sNQe 9140 Jo uonndasoid syl pue

siamod Jo uonesedss syl buipn|dul Me| JO 9Nt 8yl JO Uone
-NJBAS UE $|IE1US OS|e 1| ALIOUODD 193/ewW 9|gisuodsal A||e1oos
e PUB ME| JO 3|NJ 941 UO Paseq A2eID0WSpP e piemol yied syl
UO $32BQ1aS PUB $355930NS $2INSeAUU 1| ‘S9LIUNOD UOIISURIY
pue Buidojansp 67| Ul Juswebeuew [ednijod pue AWOU09
193/ew e ‘AoeiDOWSpP JO Aljenb syl Sa1en|jeAs pue sazAjeue

PHOA 243 Ul Wopal4

sieahz A19A3 SISLD-UON (119) Xapu| UoIEUIIOJSUBI] 5OUNLIS UUBWS[D1ISG 3y (119) Me| Jo 3|ny
“9DUS|OIA pUe WD JO POOYI¥l| 3y}
Se ||9M Se ‘S3unod a1 pue ‘9d1j0d sy ‘s1ybu Anisdoud usw
-392104Ud 12eJ3U0D JO Alljlenb ay3 Jejnopled ul pue ‘A19100s
JO S3|NJ 9yl AQ SPICe PUB Ul 9DUSPYUOD SARY SIUSbE LdIym
01 1U31Xd 9y} Jo suondadiad sainided (jHAN) SI01edIpu| JusW
Klleap SISLD-UON -UJSA0D) SPIMPLIOA 241 Ul PIPN|DUL S|GBLIPA B ‘ME] JO 3Ny (IDM) Me| Jo 3Ny
'suoln1isul a|geIndai Jo A1anea e Ag pa1oa)|0d ‘uondniiod jo
SIUSUISSISSE PUP SASAINS JO UOIIBUIGUIOD B Xapul 311sodwod
e S| 1| "9q 03 paAldIad s| 101235 dljgnd s,A11unod e 1dn.iod
K|Jeap SISUD-UON  MOY UO PaSeq Sa1I011US1/SSLIIUNOD SYURJ PUB S3J0DS |dD) Y| xopur uondsdiad uondnuo) SIS 9yl Jo Auxsjduwod
V/N SISHD Sa1/|e1R P2IRJ2I SISO JO JaqUINU [PIO] S3N1[PIBJ JO JSGUINN,
/N SISD a|doad painful paiejai sisid Jo Jlaquinu [PI0] painfur 2doad Jo 15qUINN,
V/N SISLD 9|doad ||I paiejai SIsud JO Jagquunu [elo| ||l 9|doad Jo Jsquunp
v/N SISHD o|doad pade|dsip paie|al SISID JO 1US49d 9Al1e|a1 - pade|dsip 9|doad
/N SISD o|doad pade|dsip pa1ejai SISLD JO Jaquinu [PIO] 21njosqe - pade|dsip 9|dosd
V/N SISHD SIS1ID ay3 Aq paioaye ajdoad Jo Juadiad SAI1E[3 - pa1daye 9|doad
/N SISD sIsLd oY1 Ag pa1oaye s|doad Jo Jlaquinu p10] 31njosqe - pa1oaye 9|doad
V/N SISUD eaJe pa1daye oy Ul buial ojdoad Jo 1usdiag SAI1R[31 - BAJIR PR1D3Ye 29U Ul BulAl| 9|doay
v/N SISHD e3le Pa1d3aYJe ay3 Ul Buiall 3|doad Jo Jlaquinu [p10] 21N|OSqe - B2l Pa1D3Ye 33 Ul BUIAl| 9|doad
/N SISHD SIS1D 9Y3 AQ Pa1dajje SI91aWo|y a1enbs jo 1uadiad SA11B|2) - PA1D3Ye SSeuIpuUET]
v/N SISD SISLD 3Y1 AQ Pa103JJe S1919WO| 21enbs Jo Jagquinu [e1o] 91N|0SqE - P1D3YJe SSeupue] SISO 3Y3 Jo 10edul|
uo9j|0) Jo A>uanbaig 1ojedipuj jo adAL uoniuyag sJ01edIpuU|  S1ONJISUO)) JUdIeT |SDD

X2pPU-A111A35-SIS112-|eqo|B-LIojul/1aseIep/O10'1epwIny BI1ep,//SAny &, L1epeIa|A Jo1edipul,
P31 393Ys 2y} Japun 12ayspeaids [SDD 2Yi UIYIM PagUIsap JaYLINy 1. ‘SadU19421 JIsyl pue ‘siojedipul |y "Pa1d3]|0d A|suinos ale elep 2yl UsYm 10U Ji pue ‘paiejal sisud s
J01e2IpUl 3Y3 JSYISUM ‘UOIHULSP 1ONIISUOD Ydea UIYIM sioedipul 3yl apisbuole paiuasald ‘s1oniisuod Juale| Japisuod am ydiym Jejid (1SDD) xapu| AsASS SISt [eqol L ajqeL


https://data.humdata.org/dataset/inform-global-crisis-severity-index

Page 4 of 17

(2023) 19:7

Lopez et al. Globalization and Health

/N

sIeakz AIang

(1102-1861) AluBSA

(900 01 ¥00C Wo4) 83U

K|Jeap

WIS

K|Jeap

OLEEYS

V/N

SISO

SISLID-UON

SISID-UON

SISID-UON

SISLD-UON

SISID-UON

SISIID-UON

SISLD-UON

SIS

“JUSWND0P 3y} JO

G obed ajyoid ueelURWNY SY1 JO [9A3] 1S9MO| Y1 Je ‘dnoib
pa103je JO 59dA1 JO JUNOD e SJUssaidal aNnjeA [euy syl 10T
AoD 3jyo.d uepeyURWNY DSY| Y3 JO Sa1I0631ed UO paseq
‘sdnolb uonendod paidaye Jo sadAl JUIBYIP JO JIqUINN

"3snge 35140 Jo uonndasold ayl pue

siomod jo uopeledss ayy buipnpul me| Jo 3jnJ 3y} Jo uone
-N|BAS UE S|IB1US 0S|e 1| ‘AUIOU0ID 193j/ewl 3|qisuodsal A|je1oos
B pUB ME] JO 3]NJ dY} U0 Paseq Adeidowap e pJemoy yied ayy
UO $DBGISS PUB S3559IINS S2UNSEIW 3| 'S311IUNOD UOfISUel)
pue buldojaAdp 67| Ul Juswabeuew [ednijod pue AUOUODD
19y4ew e ‘Aoeioowap Jo Alijenb ayi sa1en|ea pue saz|eue
(1Lg) Xapu| uonewlojsuRI| sBUNYIS UUBWS[DIISG Y]

(S1yBU U9ASS 9591 10§ 129dS1 JUSWUISACH

[INJ) 71 O (S3yB1 USASS 953Y3 10} 159dSaI JUSUUIDAOH OU) O
woJ) sabuei 1 "si01e21pul UoIBISY JO WOPS3i4 PUE ‘UOIRUIL
-1919Q-J|95 [B10103[7 ‘SIYDIY ,SISNIOA ‘UOIIRIDOSSY 19 A|qUUDSSY
JO WIOP99i4 'Y293dS JO WOPSJ4 TUSWSAOI D1IS9UIO TUSW
-9AO|\ UBI2104 SU1 WOJ) PA1DNIISUOD X3PUl SAIPPE UB S| SIY |

SU 1R S9ILIoUIW, USSq

sey 109(oud Yy|N Y1 JO SND0J 3y "Sa1IIUNOD e Ul sdnob
[PUNWWIOD 3A12e-A|[E211]0d JO SIDIJUOD pUe SNIelS SY)
sozA|eue pue sionuow 103f0id (YY) Sy 38 SDIIOUI YL

19se1eq (4d3)
SUOIIR[Y JoMOJ DIUYIT WOI) XapU| UOIIRIIUSIUOD [YePULIDH
a|dwis e Buisn paie|nded i Xapu| UOIeS||PUODRI DIUY3T

‘Alllenbaul 109p19d saidwil 00| JO Xapul ue sjIym ‘Au

-lenba 1234ad sjussaidal ( JO xapul IUID \ “uolNgUISIP [enbs
Aj23ylad e wou) sa1e1ASp AUWOUODS UB UIYIIM SPloyasnoy

10 sjenplAlpul buowe ainpuadxs uondwnsuod JO SUodUl
4O UOIINGISIP 3U3 YDIYM 03 JUIX3 3Y} S2INSEIW Xapul 1UlD)

“UdW 03 UoS

-ledwod ul Appood aiey uswom Bunesipul ‘Aljenbaul 95001
Bulaq | pue usw 03 uosiedwod Ul Ajjenba aiej uswom
Buledipul ‘Aujenbaul 950 BUISG O Yim | 01 0 UsaMIag abuel
|9 4O dN|eA Y] 1d3IeW JNOge| 3y1 pue Jusuliamodua
"4}[eaYy 9ANINPOIASI—SUOISUSUIIP 934U3 Ul SOBRIURADESID
paseq-1apuab s103Ja1 (||D) Xapu| Alljenbau| Japusan ay |
“SJUSWIS119S PUE ‘SUOIIB[RIS-3P 'SUoh

-B|P2S3 ‘S1UaWAO}DAIP 1D1JU0D [eqO|b Ul SPUR.] 1US3I DY}
$3QLDSIP J919WI0IRg 121U0D) Uonedl|gnd [enuue SyjjiH 9y
syuow

92441 158| 21 Ul B3JE PAID3YE SISLD Y1 Ul PI||1y JaqUINN|

sdnoib paydaye sisuD

snyels Aoeioows( - |19

AVEVIETYIe W]

sdnolb d1uy1a papn|axa Jo azIS

uonesijeuonsel) dluyly

1USIDLJ90D 1Ulb swiodu|

Aujenbaul Jlapusn

AJisU1u 121U0D

SIS |[e ul pa|

[e1o]

uoI1133]]|0) jo Aouanbaig 103edIpU| JO 9dAL

uoniuysq

sioyedipu|

$3ONIISU0) Jude ISOO

(panunuod) L ajqey



Page 5 of 17

(2023) 19:7

Lopez et al. Globalization and Health

/N

V/N

V/N

V/N

V/N

V/N

/N

V/N

SISD

SISO

SISO

SISt

SIsuD

SISt

SISO

SISLD

'$S9008
uelelURWINY JoPUIY YBIW (SOXN) 22ueUpIO papojdxaun
1O S3UIWIPUR| JO 92Uasa1d BU) MOY 01Ul SYOO| JO1eDIPUI SIY |
‘suolesado Ayipow 1o

91BNDEAS 01 JO ‘ple puadsns 1O 1SAIP 01 SUOISIDaP 0} bulpes)
‘suonjelado UelieiUBWINY S1D3)JE 1B 2DUI|OIA JO S31|ISOY
Bujobuo jo sou3saId Y} JUNOIIE OIUI SIHEY JOIRDIPUI SIY |

"PRISPISUOD 9q 2R JUSWISSEIRY PUB 'SMBJIND ‘$%20|gpro)
's9B3S "SIUUINDOP dY1oads aAeY 01 S1USWRJIND3I 10 ‘S1aLlIeq
SAIIBASIUIWPE ‘96N)a1 %935 01 $19PJOQ JO BUISSOID 9y JO uon

-UaA.d Se YaNs ‘SUoIID1ISAI SNOLPA YBNOIYL — SDIAISS 1O
ple Buiyoeas woly panussaid aie ojdoad Jaylaym sossasse 1
"aADadsiad suoneindod pa1daye syl 01 SIdja1 Jo1edIpul SIY |

"SIUSWS1RIS [BIDLJO PUR SPISU UeLRLURWINY PaLiodal

9U1 Usamiaq Aduedaidsip Aue pue ‘salilioulw Jo s1ybu ayy
1o uonendod e JO spasuU JO [eIUSP JO UONIUHODI € 31eAS
-UOWIAP 1Y SIUSWIR]LIS JUNODIE OJU| S3E1 JO1edIpUl SIY |

'$19SSe UBLIPLIUPWINY 1O S9SNOYJPM UBLIPIIURWINY
40 Bbunooj pue ‘siaxiom Jo buiddeupry ‘UoIINDAXS ‘UodNPae
‘SY2B11E SPN|DUI SIUSPIDU| Suofesiuebio ueleliuewny bul
-AJOAU SIUSPIDUI A11IND3S JUNODDE 03U S3%e) JOIeDIPUI SIY |

"PIE JO UOISISAIP IO UOIBISYUOD
SE ||oM Se JUSWUISA0D Ag pasodwi| SuolidLisal [euolielado
Sapn|oUl 1| AISAIIBP ple Jo Alljepowl ay3 1o ‘ple Jo 9dA1 ayi uo
pasodul SUOIPUOD Se UDNS SI1010.) 01 S1941 JOIeDIpUl SIY |

'sBuIsso.d Japioq

4O 2INSO|2 10 ‘syujody3yd ‘duaAIaiul 03 Apeas Bulag sudsap
POy Uo sapusbe ‘pazias aoursISSe ‘seale dY1dads Ul Swiall
431121 o sywi| pue seyonb ‘sjdoad pue spoob jo abessed uo
SaUY puUe saxe} JO 9duasald sapnpdul 3| 'swial Jaljal podsuely
pue uole|ndod pa1daje ay1 Yoral 01 JSPIO Ul SISHIOM Uel
-IejiuBWINY Jo AYjiqow A13Unod-ul 3y} O} SI9ja1 J0IedIpUl SIY |

*91e49d0 01 pamo|[e bulag A13UN0d SY1 Ul SISYIOM

pue suollesiueblo UelielUBWINY JO 92UdsaId pue ‘saiioyine
Aq SesIA 10 uoIeASIBaI [BUOISIDSIP ‘PIUSP JO SAR[SP UOIR]
-paid2e Jo eSIA 152115160 pue Lodwi 01 paleal sapijod 'spoob
10 S3I1AIDE UO 539 IO $9XE] JO UOISIA0Id ‘sa1d1jod esia pue
UOI1e1IPRIDI. ‘UOIIRSIBRI 0 $19J21 1] *AIIUNOD dY3 OIUI SI0YDP
[PUOIIRUISIUI JO SS9D2P [IoUSD SY) 01 SI9ja4 JO1eDIPUl SIY |

S3DIASP SAISO|dXa PasIACIdLLl PUB SDUIW JO 9DUS3Id

oouelsisse

uelleluewiny Bunoaye sailisoy/A1ndasul bulobuQ

2ouel
-SISSe pUB S92IAISS 01 SS920 JO UOIIDNIISqO pue UoIIDUISaY

oouelsisse

0} SJUDLI[IIUS IO SPIU UBLIRIIUBWINY JO 3DUDISIXS JO [BIUS(

$1955e pue $a11|10.} ‘|auuosiad 1sutebe 92U oIA

S3IIAIIDE UelIe)URWINY JO UOIPIUSWS|dWI 03Ul 92USI241U]

(SUONIDIISI SANRAISIUILIPE 10/pUP JUSW
-3A0W JO WOPa31) 01 S1usWIpadull) USWSAOUI JO UODLISY

(dA1RAS]
-UlWpe pue d[1eidneaing) A1unod olul AU 01 syuswipadul

uoI133]]0) jo A>uanbaiq

1o1ed1puj jo adK|

uoniuysq

sioyedipu|

$3ONIISU0) Jude ISOO

(panunuod) L ajqey



Page 6 of 17

7

(2023) 19

Lopez et al. Globalization and Health

9|qedijdde jou /N

paJinbai s1 9dueIsIsse uelieUBWING *A11|R1IOW SS3IXS pue S1ybLI uewny Jo suole|olA aAelb
peaidsapim Se ||am Se WieY J|qISISALII JO dDUBSI] "Paiodal A|apIm aq Aew UOILIINU[RW SINDY "JUSPIAS SI UOIINHISIP pue 13w Bulaq Jou d1e SPaau diseg ‘A|Dy1| S| UOIIBAIR)S pUR POy JO 3dk| 939|dwod e ey Aew ajdoad
*UOIIPUOD JUDLIND JO 3 NSI 1D3UIP e se A)l[eriow pealdsapim S| 313y | *sadIAIas diseq bulpiebas swajqoid Ajiqissadde pue Aljiqe|iene Jo sabelioys awalxa buidey aie 9]doad :SUOIIPUOD UeLIEIUBWINY SWSAIXT G [9AST]

paJInbai s1 9due)sisse uelieluBWNK A)1|RLIOW SS3OXd pue S1yBL uewny Jo suolie|oln a6 peasdsapim se
||9M Se wiey 3|qISISASLII JO BDUISIJ "UOIILIINU|RW 3INDE JO S|9A3] YBIY AI9A Ul }Nsas Aew SIY | "SIDSSE JO SSO| SWDIIXS U 98} Apeal|e 1o s1asse 13y} 313|dap 03 pajiels aaey pue sdeb uoidwnsuod pooy 219As 3oy 3|dodd
‘sabewep 3|qIsIaAa.l pue Buayns Jo [9A3] ybiy buisned swajqoud Ajiqissadde pue Aiijige|ieae Jo/pue sabelioys Juedyiubls pue suoipuod bulualealyl-aji| buidey aie 9|doad :SUOIPUOD UeLIEHUBWINY DISASS i [9AT]

K931 210W S| 9dURISISSE URLIRYIUBWINY 40 Pa3U Y| "suoliejndod 01 wiey
Jelusw pue [ed1sAyd aq Aew 219y "uolINuUjew 3dej os|e Aew 3jdoad ‘sa1baiells buidod a|qisianaull yum Ajuo spasu 199w 0l a|qe Ajjeuibiew aie sjdoad pue ‘B|qisia aie sdeb ad1AI9s Juedylubis "bulusiealyl-ajl| J0u ate
SuoNIPUOD 1nq ‘Buliayns Jo [9A3] Ybiy Jo/pue 1ojwodsIp Buisned s Yydiym sadiAles diseq buipiebas swsjqoud Ajigissadde pue Aljigejiee Jo/pue sabelioys Buidey aie 9jdoad :SUORIPUOD UeLIRlIUBWNY 91RISPOIA i€ [9AS]

SUOI1B|OIA S1YBLI UBWINY JO/PUE SOUS|OIA JO SIUSPIDUI PR1a6iel/Pas!edo] 1sIxa Aew 313y ] 'sa1balens Buikdod buikjdde Aq spasu J1ayl 199w ued uonejndod
pa123ye oy “Bulusieasyl-a4| 10u ||1s d4e Inq JaYbiy a1e SpasN 'se21AIS diseq buipiebal swajqoud Aljiqissadde pue Alljige|ieAe swos pue/io sabelioys swos Buide) aie 9]doad :SUOIIPUOD UBLIBIIUBWINY PISSIIS i [9AT]

Bulualealy3-a41| 10U 3. INq SPISU SWOS 3q Aew 13y ‘salbalells buidod s|qisianal Aidde 03 buirey Inoyum ‘ysem
pue 19)j3ys ‘y1jeay ‘pooy se Yons ‘spasu diseq 193w 0} d|qe die 3|doad 'sadiAIas diseq Buipiebal swajqoid Ayjiqissadde pue/o saberioys Jouiw 10 duou Buidey a1e 3|doad :SUOIIPUOD UBLIEHUBWINY JOUIA/SUON :| [9AT]

iSUOIIPUOD UeLielUBWINY 4O S]2A3] dAY ojul uoiieindod 3y buikyisse)d 3siy Aq pajewinsa ale sioledipul ,
BuISSIL 219M SUOIIBAISSTO %/ T
Buissiu 319M SUONRAISSAO %L/ ¢

BUISSIW 219M SUONBAIISTO %T8 »

"A|21e10d3s PaUYSP SI WY1 JO Yded
'S|2AS] G Ul PRANQLISIP S AIISASS SUOIIIPUOD UeLRlURWINY
QYL (SISO e ulyim A111aAas Jo A1oH1ed yoea ul ajdoad Jo Jaq

-WNU 343 "2'1) AIU2ASS JO UORNQLISIP 3Y3 INOJE UOIBWIO)U] e3Je PA1DOYye
v/N sisD  Buipnppul ‘pardaye ojdoad ay1 Jo sniels pue sUORIPUOd Ay 3y U uopejndod |10} JO SUOIPUOD LBl URWNY JUSIND
‘SUOIIPUOD

UBLIE)IURWINY SUISIIXS PUE ‘2I9ASS ‘S1eI9poul budusiadxe
9|doad jo wins ay1 sjenba pasau ul 9idoad Jo Jagquinu |10}
V/N SIS 9y SISHD Y2es ul pasu Ul 9jdoad Jo Jaquinu [p101 9y | P33N Ul 2|dod 1oL ,9]d03d B3 JO SUORIPUO)
‘pa2u Ul 3jdoad 01 Aljigissadoe eaisAyd Buladuley siasse
1O [9N JO X2B| SE UINS S1UIRJISUOD [BDSIBO| PUR SUOIEDIUNW
-W0d YiIM Buole ‘palapisuod os|e die Spjaylle pue ‘sabpliq
'SpeoJ JO SN1LIS "2INIdNJISeul bunsixaaid se ||om se suon (219 '2IN1DNUISRIUI JO DB ‘S1BWID ‘Ulelia)

W/N -IPUOD JSYIBIM JO SIUSAD [BUOSESS OJUI SHOO| JOIRDIPUISIY] O3 P3le|a1 S3|DeISg0) JUSLILOIIAUD S} Ul SIUIR1ISUOD [BDISAUd

uo0133]|0) Jo A>usanbai4 J1o3edipu| o adAY uonuyaqg si0jedIpul  SIdNIISUO) JudleT [SHD

(panupuOd) | 3jqey



Lopez et al. Globalization and Health (2023) 19:7

Additional file 1: Appendix 1 describes how the INFORM
Severity Index is calculated.

Measures

The GCSI uses a total of 35 ordinal indicators to repre-
sent three pillars (impact of the crisis, complexity of the
crisis, conditions of the people), which we consider latent
constructs (Table 1). Each ordinal indicator is scored
based on continuous variables. The first construct, ‘the
impact of the crisis; is comprised of 11 indicators, all
of which are ordinal versions of data collected from the
specific crisis. The second construct, ‘the complexity of a
crisis; is comprised of 22 indicators. Of these indicators,
12 are publicly available indices; one is an ordinal version
of data collected from the specific crisis; and the remain-
ing nine indicators reflect qualitative information that is
given a quantitative score. The final construct, ‘conditions
of the people; has two indicators, each of which uses esti-
mates of the number of people in need of humanitarian
assistance for the given crisis. Spearman’s rank correla-
tion coefficients for all indicators are presented in Addi-
tional file 1: Appendix 1. From the 35 GCSI indicators,
we removed three indicators that had more than 25% of
observations missing.

Analytical approaches

Modeling a construct such as ‘severity’ requires leverag-
ing information from multiple indicators. Any approach
that does not account for correlation between the indi-
cators will likely result in imprecise final estimates. Thus,
our analytical framework uses structural equation mod-
eling to predict crisis severity. This method explicitly
includes measurement error for each indicator, assess-
ment of model fit — both overall and at the indicator level
-, and prediction from optimal combinations of indica-
tors. The overall goal of the analysis is to deduce causal
relationships by accounting for correlation coefficients.
To do so, we have a two-step approach. First, we used
exploratory factor analysis (EFA) to identify patterns
of grouping among the indicators. This step provided
insight on whether the data supported the GCSI pillar
construction. We then applied confirmatory factor analy-
sis (CFA) to test whether the identified relationships from
the EFA were statistically meaningful and if the multiple
latent constructs were inter-related (as hypothesized by
the GCSI pillar construction).

Exploratory factor analysis

We evaluated the relationships between 32 indica-
tors in the GCSI conceptual framework through EFA.
Based on an initial scree plot, we employed four maxi-
mum likelihood EFA models, ranging from 3- to 6 -fac-
tor solutions, each with an oblimin rotation, that is,
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correlation was permitted between factors [23]. Miss-
ing values were imputed with the indicator median
within all EFAs. We evaluated the models for the fol-
lowing characteristics: sums of squared loadings greater
than 1.0 for each factor; factors that contribute to at
least 10% to the overall variance; and collective contri-
bution of at least 60% of the overall variance. Next, we
reviewed the indicator factor loadings to identify latent
constructs within the dataset.

Using the information learned from the EFA models,
we removed indicators from the dataset if they did not
provide unique information to identified factors as their
inclusion in a final score could lead to either bias or
imprecision. Indicators were removed if they had factor
loadings less than 0.30 or cross-loaded onto more than
one factor with a loading less than 0.20, or if cross-load-
ings had values in opposite directions (for example, 0.37
and —0.33).

Confirmatory factor analysis

With the reduced dataset and using standardized indica-
tors, we applied a full information maximum likelihood
CFA to model crisis severity. First, we built first-order
CFAs with relationships identified in the EFA. We
removed indicators from the CFAs if they had residuals
greater than 0.10 with indicators on different latent con-
structs. We also added covariances between indicators
on the same latent construct if their residual correlation
was greater than 0.10. Finally, we added a second-order
latent construct to the model, which represented ‘crisis
severity. Model fit was assessed via chi-square goodness-
of-fit statistic, Comparative Fit Index (CFI), Tucker-Lewis
Index (TLI), and Root Mean Square Error of Approxima-
tion (RMSEA). Acceptable model fit was evaluated using
recommended cut-offs characterized as CFI and TLI
greater than 0.90 and RMSEA less than 0.08 [24].

We also estimated values for the latent crisis severity
variable (i.e., factor scores) based on the factor loadings
in the second-order CFA. Latent severity scores were
normalized to range from zero to one.

We conducted several subanalyses to determine the
robustness of the overall results. These analyses focused
on: incorporating the ‘people in need of humanitarian
assistance’ indicator within the final models (see Addi-
tional file 1: Appendix 5); data quality implications (see
Additional file 1: Appendix 6); comparison of the mod-
eled scores to the original scores (see Additional file 1:
Appendix 7); the role of governance when estimating cri-
sis severity (Additional file 1: Appendix 8); the implica-
tion of missing data (see Additional file 1: Appendix 9);
and the overall model fit bootstrapped subsamples of the
dataset (see Additional file 1: Appendix 10).
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Analyses were conducted using the R (version 3.6.2)
packages psych, GPArotation, and lavvan; see Additional
file 1: Appendix 4 for primary analyses’ R code.

The Human Research Protection Office within the
Center for Global Health at the Centers for Disease Con-
trol and Prevention reviewed the study and determined it
to be non-research.

Results

Original GCSI score

The GCSI includes a large number of indicators (Table 1),
which reflect both crisis related data and non-crisis
related data. The original GCSI score is generated from
combining these indicators into pillars, which are then
aggregated into a score. For example, the complex emer-
gency in Somalia, coded as SOMO001 in the GCSI data-
base, was classified as having “High Severity” with a score
of 4.0 as of November 2019. Qualitatively, there is con-
currence between the GCSI score given to the Somali
crisis and the nation’s social structure and events that
have occurred there; approximately 4 million people
needed humanitarian assistance in Somalia in 2019, and
millions had been displaced by recurring conflict, inse-
curity, forced evictions, drought, and floods (see https://
www.unocha.org/somalia). The GCSI Severity Score for
Somalia was estimated via a weighted mean of the values
derived for each pillar: 4.4 (with a 0.2 weight applied) for
the Impact of the Crisis, 4.4 (with a 0.3 weight applied)
for the Complexity of the Crisis, and 3.0 (with a 0.5
weight applied) for the Conditions of the People. The
data feeding into these estimates, and their values, are
presented in Fig. 1. Within the figure, each box is a data
point, each oval represents the aggregation of the boxes
(or other ovals) preceding it (represented by an arrow),
and each circle represents the aggregation into the GCSI
pillars. Importantly, each pillar calculation, and the cal-
culation of the sub-indicators used in the pillar score,
is unique (see Additional file 1: Appendix 1 for details).
Briefly, the pillar scores are derived using the following
approaches:

« The Impact of the Crisis (Fig. 1A) is the weighted
sum of two composite indicators - The Human
Impact (weighted at 0.7) and the Geographical
Impact (weighted at 0.3). The Human Impact Score is
an aggregate of 4 sub-indicators, however, for Soma-
lia, data are only available for 3 components. The
Geographical Impact is a mean score generated from
two sub-indicators.

+ The Complexity of the Crisis (Fig. 1B) is estimated
by calculating the geometric mean of two composite
indicators — Society and Safety and Operating Envi-
ronment. The Society and Safety Score reflect a mean
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of three sub-indicators, each with a different number
of data inputs. Missing inputs, such as ‘Gender Ineq-
uity’ in Somalia, are ignored during aggregation. The
Operating Environment Score is estimated from the
average value of a sub-indictor and a data input vari-
able. However, here, the sub-indicator aggregation
mostly reflects summation, and is scaled if there are
more than two variables that contribute to the sub-
indicator.

+ Conditions of the People as a Result of the Crisis
(Fig. 1C) is the average of two sub-indicators — Cur-
rent Humanitarian Conditions of the Total Popu-
lation, and Current Humanitarian Conditions of
the Population Affected. Here, the population is
ranked into one of five levels: 1. those facing mini-
mal humanitarian need, 2. those in stressed humani-
tarian conditions and needs, 3. those in moder-
ate humanitarian conditions and needs; 4. those in
severe humanitarian conditions and needs, and 5.
those in extreme humanitarian conditions and needs.
The Current Humanitarian Conditions of the Total
Population sub-indicator reflects the sum of peo-
ple in levels 3-5, which is then ranked. The Current
Humanitarian Conditions of the Population Affected
sub-indictor, however, is calculated slightly differ-
ently. Here, the highest level is taken if the percent
of the population affected at that level is greater than
5%. For example, the Somalia crisis is given a value of
3 for this indicator because 11.5% of the population
affected fall into level 3 of need.

Overall, Fig. 1 paints an intricate, and convoluted, pic-
ture of data relationships used to classify the severity
of the Somali crisis. Understanding these relationships
sheds insight into how these data can be used to generate
severity values.

GCSl analysis

To guide our analysis, we first examined the follow-
ing characteristics of the GCSI data frame: correla-
tion between indicators, distributions of indicators,
and the proportion of non-missing data. The indicators
are highly correlated (see Additional file 1: Appendix 1)
within the conceptual GCSI pillars and between them,
with approximately 31% of the indicators having corre-
lation coefficients greater than +/—0.6. The correlation
values suggest complex underlying relationships, and
inference thereof required a method that accounts for
statistical dependencies. Mean and median values of the
ordinal scores did not differ greatly for most indicators,
suggesting only slightly skewed distributions (Table 2)
and the appropriate application of parametric methods.
Three indicators had a substantial proportion of missing


https://www.unocha.org/somalia
https://www.unocha.org/somalia

Lopez et al. Globalization and Health (2023) 19:7

Percent

A. Impact of the Crisis

affected:100%
(scored at 5)

Number affected
5,000,000 (scored
at3)

Percent affected: Area affected
100% (scored at 4) 30% (scored at 5)

D R ~u” L7 peoplein K

Landmass 1 affectedarea:

. Affected:4s L/ ~ 4

- —aa I

e <0
Geographical \
\  ImpactScore:4.3

~_—— -

Number displaced:

Number affected:

10,000,000 (scored Percent affected: Jhurmber o ;
at4) 100% (scored at 5 ,000,000 (score
atd) Impact of
--------- ~ the Crisis
Percent displaced > - the s
Z P S / People N 4.
26.4% (scored at 5) >-- Wi
K People S
‘. Displaced:5 i
----- 4 Human Impact \
Score: 4.5

-~ “Peoplellll or S

¢ Injured: No
Number ill : no data
Number injured: no
data

C. Conditions of The People

Level 1: people in
minimal need: 0

Page 9 of 17

Human

Conditions
Score: 3

————-

7 Current conditions

( of the population in
~ need Score: 3

~ —_—

~ e
N

Level 5: extreme
conditions & need:
0

Level 4: severe
conditions & need:
0.44

- N -
- -
# Current conditions of “~
( people living in the
affected area that /7

N _arein need Score: 3
~ - ==

Level 5: extreme
conditions & need:
0%

Level 2: stressed
conditions & need:
12.34

Level 1: people in
minimal need: 0%

Level 3: moderate
conditions & need:
1.66

Level 4: severe
conditions & need:

Level 2: stressed
conditions & need:
85.5%

. Corruption: 4.5
Complexity
Score: 4.4

-——=<_ b Freedom in the Pl
- Operating World: 4.7 ’
( Environment Score: .
~ . ~
~ - - % N ——
- d . -
o \ P ~
JC AR * ( Society and Safety
\ Score: 4.3

Groups:5 ! \ ~
" Humanitarian Access
\ Score: 4 J N

Rule of Law Score:
46

Social Cohesion

Safety and Securit N Inequality: 5

Score: 4.5

AN

Empowerment: no
data
Democracy: 4.3
Size of Ethnic
Groups Excluded: 0
Income Inequality
(Gini): 5
Gender Inequality:
no data

Ethnic
Fractionalization: 2.5

Score: 3.9

Access to
Humanitarian Actors:
4

Impediments to Restricted
Entry: 1 Movement: 3
Interference: 2

Access of People in
Need to Aid: 5

Obstructed Access:

otal Killed: 4 Conflict Intensity: 5

=

Physical and Security
Access: 4

Insecurity: 2

Fig. 1 A schematic of the GCSI conceptual framework for the complex crisis in Somalia (coded as SOMO00T in the GCSI database). Each box
represents a data point, each oval represents the aggregation of the boxes (or other ovals) preceding it (represented by an arrow), and each circle
represents the aggregation into the GCSI pillars. Shapes with dashed values represented aggregated scores of sib-indicators and bold shapes are
the aggregated final scores. Panel A shows the Impact of the Crisis. Panel B shows the Complexity of the Crisis. Panel C shows the Conditions of the
People. In panel C, the Condition of the population in Need Score shows values that are scaled to 1,000,0000 people

data (‘Number of people ill’; ‘Number of people injured’;
‘Number of fatalities’), so we removed them from our
analysis. Seventy-five to 100% of observations were
available for the remaining 32 indicators. The indicators
related to people displaced from a crisis had the two low-
est number of observations (75 and 77% of total obser-
vations), as did the indicator for people in need (80% of
total observations).

We applied factor analysis to test whether the indi-
cators in the GCSI dataset could be used to gener-
ate an estimate of crisis severity. Our approach had

two primary steps: exploratory factor analysis (EFA),
followed by confirmatory factor analysis (CFA). We
removed all “pillar” aggregated values and only used the
input data to generate our models. In the EFA model,
we imputed median values of a given indicator if the
observation was missing, while in the CFA model, we
used maximum likelihood to address missing informa-
tion. To assess whether these approaches influenced the
final model estimates, we also ran the EFA model using
case deletion for missing observations and the CFA
model using multiple imputation (Additional file 1:
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Table 2 Descriptive statistics for Global Crisis Severity Index (GCSI) indicators: Mean, standard deviation, median, range, and total
number of observations (n) are presented for each indicator. Indicators are highlighted to reflect GCSI latent constructs (GCS/ dataset,

2019, N=172)
GCSl Latent Constructs Indicator Mean (Standard Median (Range) n
Deviation)

Impact of the Crisis Landmass affected - absolute 2.7(1.3) 3(1-5) 162
Landmass affected - relative 3.6(1.3) 4(1-5) 162
People living in the affected area - absolute 3.0(1.3) 3(1-5) 162
People living in the affected area - relative 3.3(1.5) 3(1-5) 158
People affected - absolute 24(1.3) 2(1-5) 153
People affected - relative 2.5(1.3) 2 (1-5) 149
People displaced - absolute 26(1.4) 3(0-5) 133
People displaced - relative 23014 2 (0-5) 130

Complexity of the Crisis Corruption perception 3.6(0.5) 3.6 (1.7-4.5) 171
Rule of law (WGI) 33(0.6) 33(1.6-4.8) 172
Rule of law (BTI) 3.0(0.8) 3.0(0.3-4.5) 161
Freedom in the world 30(1.0) 3.1(0.3-5.0) 172
Total killed in all crisis 23(1.5) 3 (0-5) 140
Conflict intensity 35(1.4) 3(0-5) 172
Gender inequality 33(0.9) 3.5(0.5-5.0) 151
Income gini coefficient 1.9(0.9) 2.1(0.0-4.5) 149
Ethnic fractionalisation 30014 3.1(0.0-5.0) 172
Size of excluded ethnic groups 14(1.6) 1 (0-5) 172
Empowerment 28(1.2) 2.6(0.7-5.0) 168
BTl - Democracy status 2.7(0.8) 2.7 (0.5-4.3) 161
Crisis affected groups 31014) 3(1-5) 165
Impediments to entry into country (bureaucratic and administrative) 0.7 (0.8) 0(0-3) 161
Restriction of movement (impediments to freedom of movement and/or 1.0 (1.1) 1(0-3) 162
administrative restrictions)
Interference into implementation of humanitarian activities 09(1.0) 1(0-3) 162
Violence against personnel, facilities and assets 0.5 (1.0) 0(0-3) 164
Denial of existence of humanitarian needs or entitlements to assistance 0.6 (0.9 0(0-3) 159
Restriction and obstruction of access to services and assistance 1.3(1.1) 1(0-3) 161
Ongoing insecurity/hostilities affecting humanitarian assistance 1102 1(0-3) 161
Presence of mines and improvised explosive devices 1.1(01.0) 1(0-3) 156
Physical constraints in the environment (obstacles related to terrain, 16(1.1) 2 (0-3) 160
climate, lack of infrastructure, etc.)

Conditions of the People Total People in Need (1.4) 2 (0-5) 137
Current humanitarian conditions of total population in the affected area 3.0(0.9) 3(1-5) 137

Appendix 9). We found negligible differences between
the results from these different approaches and those
presented here (Additional file 1: Appendix 9).

EFA

We examined 32 of the 35 GCSI variables to assess their
grouped correlation patterns. The EFA models suggested
a 3- or 4-factor solution (Table 3). While the 5- and 6-fac-
tor solutions had greater cumulative variance explained.
The proportion variance explained for each factor did not
add substantive information to the model. This was also

evident in the indicator factor loadings for these mod-
els, which showed more cross-loadings between indica-
tors on factors with less than 10% proportion variance
explained (see Additional file 1: Appendix 2 for factor
loadings for 5- and 6-factor solutions).

Additional examination of the factor loadings in 3-
and 4- factor models highlighted three primary findings
(Table 4). First, several indicators had factor loadings less
than 0.30, which implies that they do not contribute to
any of the factors. Second, indicator cross-loadings onto
multiple factors were common, and thus, these indicators
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Table 4 Global Crisis Severity Index (GCSI) Indicators factor loadings for each Exploratory Factor Analysis (EFA) factor solution. Factor
loadings are only presented if greater than the absolute value of 0.3 (GCS/ dataset, 2019, N=172)

Indicators Three-Factor Solution Four-Factor Solution

Factor 1 Factor2 Factor3 Factor1 Factor2 Factor3 Factor4
dLandmass affected - absolute 043 032 045 032
Landmass affected - relative 0.86 0.86
People living in the affected area - absolute 049 037 049 033
People living in the affected area - relative 093 093
People affected - absolute 0.51 038 0.53 0.35
People affected - relative 0.74 0.75
bPeople displaced - absolute 049 044 —041
bPeople displaced - relative 0.36 037 —033
Corruption perception 0.64 0.51
“Rule of law (WGI) 0.56 035 042 042 047
Rule of law (BTI) 0.96 0.96 049
Freedom in the world 0.89 0.87
Total killed in all crisis 0.72 0.73
Conflict intensity 0.70 0.71
Gender inequality 0.38 0.51
Income gini coefficient —035 —0.31 0.41
?Ethnic fractionalisation
“Size of excluded ethnic groups 034 —031
Empowerment 047 0.51
BTl - Democracy status 0.93 0.95
Crisis affected groups 0.54 0.54
Ampediments to entry into country (bureaucratic and administrative) 0.36 0.35 046 0.31 —034
Restriction of movement (impediments to freedom of movement and/or 0.87 0.88
administrative restrictions)
Interference into implementation of humanitarian activities 0.67 0.65
Violence against personnel, facilities and assets 0.57 0.58
Denial of existence of humanitarian needs or entitlements to assistance 0.31 0.35 —0.39
Restriction and obstruction of access to services and assistance 0.80 0.79
Ongoing insecurity/hostilities affecting humanitarian assistance 0.76 0.79
Presence of mines and improvised explosive devices 0.62 0.64
Physical constraints in the environment (obstacles related to terrain, 038 0.34
climate, lack of infrastructure, etc.)
Total People in Need 0.51 040 0.53 036

aCurrent humanitarian conditions of total population in the affected area

@ Indicator excluded from subsequent CFA models

b Indicator excluded from CFA model with 4 latent constructs, but included in CFA with 3 latent constructs

did not provide unique information. Finally, the indica-
tors grouped into a pattern similar to sections of the
GCSI conceptual framework. In both solutions, factor 1
was comprised of indicators related to societal constructs
(and originally conceptualized as part of the ‘complex-
ity of the crisis’), while indicators within the ‘impact of
the crisis’ construct grouped together in factor 2. Factor
3 was comprised of indicators related to humanitarian
access and safety; while the fourth factor was a further
disaggregation of factor 2. Of note, the EFA results did

not show that indicators related to ‘conditions of the peo-
ple’ had mathematical importance. Indicators excluded
from subsequent CFA models are shown in Table 4.

CFA

We initially built four different CFA models to reflect the
relationships identified with the factor loadings in the
EFAs; each of the four models had an increasing num-
ber of latent constructs (from three constructs to six
constructs).
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The CFA with three latent constructs (base model) was
appropriately specified but showed poor fit (Table 5).
Indicators were removed and covariances added to
reflect the residual correlations of indicators across the
dataset (see Additional file 1: Appendix 3 for correla-
tion matrix) until the best model fit was generated (final
model in Table 5). The final CFA contained 11 indica-
tors: rule of law, democracy, freedom, gender inequality,
empowerment, number of people killed, restricted move-
ment, obstructed access to assistance, percent of land-
mass affected, people living in the affected area, people
affected. We used this model to create a second-order

Table 5 Fit statistics for first-order Confirmatory Factor
Analysis (CFA) models: Chi-squared goodness of fit test statistic,
Comparative Fit Index (CFI), Tucker-Lewis Index (TLI), and Root
Mean Square Error of Approximation (RMSEA) Index (GCS/
dataset, 2019, N=172)

Model fit statistics Base model Final Model
Chi-squared goodness of fit 735 (206) 107 (40)
(degrees of freedom)

CFl 0.77 0.94

TLI 0.75 092

RMSEA 0.12 0.10
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CFA (Fig. 2). The model fit statistics of the second-order
CFA were the same as the fit statistics of the final first-
order CFA model (Table 5). In the second-order CFA, the
magnitude of standardized factor-loading on the ‘soci-
etal governance’ latent construct had the strongest asso-
ciation with the latent construct of ‘crisis severity’ (0.73),
followed by the ‘humanitarian access/safety’ construct
(0.56).

The CFA with four latent constructs had a non-positive
covariance matrix when a second order latent variable
was added. No solutions were found for the 5 or 6 latent
variable models.

Severity score

We used the final CFA model to generate normalized
severity scores for each crisis (which range between 0
and 1 to represent low to high severity). The mean and
median latent severity score for all crises were similar, at
0.53 and 0.54, respectively. Severity scores were highest
in complex crises and fell within the upper two-thirds of
all scores (Fig. 3). Regional crises, conversely, had a lower
mean severity score. These types of crises fell into the
bottom two-thirds of the range. Crises in countries that
had a mean severity score of greater than 0.90 included
Syria, Somalia, Yemen, and The Democratic People’s
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Fig. 3 The distribution of latent crisis severity scores. Figure 2A shows all crises (n=172) and Fig. 2B is stratified by crisis type

Republic of Korea, whereas countries with mean severity
scores less than 0.10 included Costa Rica and Brazil.

Discussion

Our analyses show that crisis severity can be measured
best through use of only 11 of the 35 GCSI indicators.
Put another way, 24 of the 35 indicators used in the GCSI
model do not contribute useful numerical information.
In our final model, the strongest predictors of sever-
ity were a suite of indicators related to social structure/
governance of a given nation state (rule of law, freedom,
gender inequality, and empowerment), followed by indi-
cators that were proxy measurements of humanitar-
ian access/safety (number of people killed, restricted

movement, and obstructed access to assistance). Weaker,
although still relevant, predictors were related to the cri-
sis impact on people and the environment. Overall, this
analysis suggests that most of the key variables to esti-
mate the severity of humanitarian need can be assessed
globally, can be collected in a comparable way from
one country to another, and do not depend on sudden
changes to local conditions that would be unavailable to
those making the calculations. In short, despite changing
conditions and limited or imperfect information, we can
use existing data sources to make reasonable estimates
of severity around the world. Refinements to the existing
GCSI model will make it easier and more reliable to make
these estimates.
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Holistically, the 11 selected indicators suggest that
fragile states with limited accessibility for humanitar-
ian actors have worse humanitarian conditions. This
final model aligns with humanitarian actors’ experi-
ences. Indeed, good governance is intrinsically related
to avoiding or mitigating a humanitarian crisis [12]. We
tested the role of governance in our models (see Addi-
tional file 1: Appendix 8) and found it to be a key latent
constructure of severity, but only when crisis related
variables were also included in the model. Broadly, eco-
nomic and political stability are key components to this
success, with inequality between social groups cited as a
driver of crises and conflicts [25]. It is unsurprising that
humanitarian practitioners call for more robust inclusion
of conflict early warning into preparedness systems for
humanitarian crises [26]. Indeed, considerable funding
has been provided to post-conflict states for democracy
development and peacebuilding, albeit with mixed suc-
cess [27, 28]. Ample evidence supports these patterns,
as data from the last 15years show most humanitarian
crises are re-occurring in the same countries, many of
which are fragile states [13]. Chad, the Central African
Republic, the Democratic Republic of Congo, Somalia,
and Sudan have all had 15 crises between 2005 and 2015.

Beyond governance, access to reach those in need is
also important to reducing crisis severity. Humanitar-
ian access, the ability to reach the most vulnerable, can
be limited through various mechanisms. Restricted
movements, which are common in conflicts and com-
plex humanitarian crises, inhibit connections between
aid workers and communities [29]. Access can also
be reduced through violence and obstruction. Within
armed conflicts, bureaucratic and security constraints,
and violence against aid workers and facilities distribut-
ing aid, have been cited as rationale for greatly reduced
humanitarian access [29, 30]. For example, in the Syrian
crisis, which is considered one of the worst in the world
by humanitarian experts, UNOCHA reported that 1.1
million people were in need of humanitarian assistance
in hard-to-reach-places in 2018; during this same year,
access was inhibited by 142 attacks on health facilities,
with 102 people dead and 189 injured [31]. Thus, it is not
surprising that our model results give weight to indica-
tors reflecting the quality of humanitarian access (e.g.,
restricted movements, obstructed access, and number of
people killed) for a given crisis.

Importantly, our final model differs from the origi-
nal GCSI in two fundamental ways. First, we presented
a parsimonious model, which removed 24 GCSI indica-
tors. Using the reduced set of 11 indicators, the model
showed acceptable fit, but had slightly higher error than
the standard cut points; however, some debate exists
on the usefulness of applying a single heuristic to assess
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model fit within factor analysis [32]. The original GCSI
was calculated using inconsistent approaches, and nota-
bly, does not account for basic statistical properties of
correlated data. The high correlation in the dataset inhib-
its meaningful interpretation of combined values from
the indicators. Second, we removed an entire GCSI pil-
lar (‘conditions of the people’) as a result of insights from
the EFA models, which has programmatic significance.
Indeed, the data underlying the excluded indicators are
routinely collected to estimate the number of people in
need of humanitarian assistance. Given the strong value
of these indicators to practitioners, we re-ran the final
model and included these two indicators as standalone
independent variables (Additional file 1: Appendix 5).
Of note, we did not include the two indicators as latent
constructs, as our EFA analyses showed that they were
not correlated. This sensitivity analysis suggested that a
model including the number of people affected indica-
tor has comparable model fit and yields similar severity
scores to the second-order CFA model.

Our analysis, however, is limited by the data available
for inclusion. First, the index includes a combination
of static and dynamic variables. It is possible that static
variables, such as those used to estimate social structure/
governance are distal determinants of a crisis, rather than
proximal measures. Additionally, we used population
average data, which masks any disparities experienced
within a population. Several population groups, namely,
children, women, and the disabled, have worse crisis-
related health outcomes than the rest of the population.
Moreover, data from humanitarian crises are difficult to
obtain, highly inaccurate, and highly correlated. While
our sensitivity analyses assessing data quality suggest that
our final model contained data that was no more or less
reliable than the indicators excluded (Additional file 1:
Appendix 6), we cannot account for the lack of precision
within the dataset. We included two indicators based on
expert assessment of qualitative information (restricted
movement, and obstructed access to assistance), which
may be subject to imprecision or bias. Likewise, mortal-
ity estimates, which we also included in the final model,
have been contested for accuracy in past crises [33, 34].
Additionally, the indicator for ‘relative people living in
the affected area’ is highly correlated with many of the
other variables in the final model. In an ideal scenario,
this indicator would be removed from the model, how-
ever, when it was, the models did not converge. Thus,
one limitation of retaining the variable is a slightly higher
error than desired. Finally, we are limited in our ability
to test the generalizability of the model given the small
sample size and lack of additional data for testing. Nev-
ertheless, our comparison of the model fit statistics and
factor loadings to suggest that the model performance
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is consistent and unlikely overfit to the data (Additional
file 1: Appendix 10).

Importantly, a gold standard for crisis severity is una-
vailable to validate our model results and out-of-sample
data were not available to assess predictions. In lieu of
traditional validation, we compared the latent sever-
ity scores to the original GCSI scores (Additional file 1:
Appendix 7). This robustness check suggested that the
latent severity score may be a closer measure to true cri-
sis severity than the original GCSI. Despite the limita-
tions with data availability and independent data source
for validation, we emphasize that this work is a first step
towards improving crisis severity measurement. Because
the calculations are derived from a model that weights
indicators based on their correlations, estimating severity
for a new crisis would require re-running the final CFA.
Further research is needed to assess the feasibility of link-
ing this framework with a field friendly application for
humanitarian actors after additional analyses have been
conducted.

Conclusion

UN-coordinated humanitarian responses are lasting
longer [35], with the average 2005 response ongoing for
about 4 years compared to the 2017 response of 7 years.
Meanwhile, human and financial resources for humani-
tarian response are limited. More complicated responses,
coupled with calls for increased resources, emphasize
the need for objective tools to guide resource alloca-
tion. Indeed, a metric of crisis severity can add powerful
contributions to determine priorities for humanitarian
response, highlighting whether severity and subsequent
aid/response align. However, a metric of crisis is only
useful if the metric is scientifically robust. Our work is
a first step in refining an existing framework to quan-
tify crisis severity. We suggest three additional areas of
needed exploration. As presented here, we recommend
all future iterations of modeling crisis severity consider
severity as a multi-faceted construct. In doing so, prac-
titioners should strive to create a parsimonious model.
Inherently, humanitarian data are subject to high lev-
els of uncertainty, and nonparsimonious models may
further limit clear interpretation of severity within this
context. Additionally, we recommend that future work
consider longitudinal metrics of severity, as crises change
within a given location over time. After further testing
this model with additional crises, opportunities for con-
verting model output to a dashboard or application for
humanitarian actors should be explored. At the time of
writing this manuscript, the current GCSI estimates were
available in a large spreadsheet available at https://data.
humdata.org/. They are now also available on the ACAPs
website  (https://www.acaps.org/methodology/severity)
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in an interactive dashboard and available to be accessed
through an Application Programming Interface (APL
https://api.acaps.org/). This interface provides a blue-
print for merging robust statistical output with informa-
tion needed by data users. With these recommendations
in place, humanitarian actors can apply the humanitarian
principle of impartiality when determining where need is
the greatest and to best respond to crises.
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