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Global Estimates Systematically Undercount Acute Hunger       1 

  2 

Abstract 3 

The Integrated Food Security Phase Classification (IPC) system is the global method for 4 

classifying food insecurity severity. As of 2023, international agencies and governments use IPC 5 

assessments of food crises to allocate more than six billion dollars of humanitarian food 6 

assistance annually. Despite concerns that IPC estimates overstate global food insecurity, our 7 

analysis of data from approximately one billion people, in 10,000 IPC assessments conducted 8 

between 2017-2023, demonstrates the opposite: IPC estimates are prone to understate the 9 

extent and severity of crises. Our primary estimates suggest that IPC assessments substantially 10 

underestimate the number of acutely hungry people in the world, missing approximately one in 11 

five. We find evidence of under-classification around the IPC threshold that determines whether 12 

an assessed area is to be classified as ‘stressed’ as opposed to ‘in crisis’ - a threshold meant to 13 

trigger deployment of humanitarian resources. Contrary to widely held assumptions, our findings 14 

suggest that the prevalence and severity of acute hunger is likely significantly higher than 15 

current global estimates would indicate. 16 

 17 

 18 

 19 

 20 

Introduction 21 

Humanitarian information systems are sets of processes and tools used to identify and 22 

anticipate the locations and magnitude of crises around the world. A prominent example, the 23 

Integrated Food Security Phase Classification (IPC), was established in 2004 to provide 24 

information about current and emerging food insecurity crises: including severity, scope, and 25 

size of affected population (1, 2). Acute hunger affects hundreds of millions of people worldwide 26 

with long-term consequences for health, development, and security (3,4,5).  IPC assessments 27 

guide the timely allocation of humanitarian resources to the locations that need them most.  28 

 29 

A core IPC objective is to identify emerging crises in time to guide response that prevents their 30 

escalation. Between 2017 and 2023, the IPC conducted more than 10,000 sub-national food 31 
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security assessments across more than 30 countries. Famines are rare findings in those 32 

assessments, occurring only twice between 2017 and 2023; near-famine conditions have 33 

occurred a handful of times in that same period (6; see also 7). Instead, most of the IPC’s work 34 

has focused on identifying where food security is deteriorating, to facilitate intervention before 35 

conditions degrade to the severity of a famine. 36 

 37 

In 2023, an estimated 765 million individuals around the world lacked sufficient food to meet 38 

their basic daily caloric needs. Among them, 282 million were classified as experiencing acute 39 

food insecurity, circumstances in which "a person's inability to consume adequate food puts 40 

their lives or livelihoods in immediate danger" (8, 9,10). Accurate measurement of the 41 

magnitude and the location of acute hunger is essential to support effective response. Because 42 

acute caloric and nutritional deprivation can have both short and long-term impacts on individual 43 

health and wellbeing, the value of timely and reliable assessments of food insecurity is high. 44 

 45 

Beyond crisis response, IPC estimates serve as a foundation for major annual United Nations 46 

reports on hunger (e.g., 10, 11). They are also cited in funding appeals and response plans 47 

(e.g., 12, 13, 14) and are submitted as evidence to the UN Human Rights Council (15) and to 48 

the International Court of Justice (16).  49 

  50 

A crucial question, therefore, is whether current global assessments accurately measure the 51 

populations experiencing food insecurity. This paper provides a quantitative evaluation of these 52 

global IPC assessments. Analyzing food security assessments covering 917 million people, 53 

(with repeated observations across multiple rounds totaling 2.8 billion people) from the majority 54 

of countries characterized by frequent food crises between 2017-2023, we use three related 55 

methods to evaluate current estimates: we test for systematic bias around the threshold 56 

indicating urgent need for assistance, and we compare official assessments to two 57 

counterfactual estimates derived from underlying household survey data. 58 

 59 

The results of our analyses indicate that the number of acutely food insecure people estimated 60 

by the IPC is likely too low. Our primary analysis of nearly 10,000 area assessments across 33 61 

countries finds that, on average, current assessments miss approximately one in five acutely 62 

hungry people. Because true food insecurity status cannot be directly observed, we cannot 63 

measure rates of misreporting with certainty. However, our findings show a systematic pattern 64 

of conservative (i.e., lower) assessments relative to the underlying data.  65 
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  66 

We also show that concerns from the international community of donors and policymakers 67 

about potential overestimation by the IPC process do not align with our empirical findings. 68 

International response already falls short of meeting global need, even based on IPC’s 69 

conservative estimates: in 2023, the estimated gap between global hunger-related need and 70 

available funding ranged from 33% to 53% (11,17). This means that not only are millions of 71 

acutely hungry people excluded from IPC estimates, but even those who are counted lack 72 

sufficient support.  73 

 74 

Our findings underscore the urgency of additional financial and programmatic support to 75 

address and alleviate acute hunger worldwide.  76 

  77 

The IPC 78 

 79 

The IPC is the recognized global standard tool for food security and nutrition assessment at 80 

national and sub-national levels (18, 19, 20, 21). The IPC operates as a consortium of 19 81 

partner organizations in more than 30 countries, with plans to expand their assessments by ten 82 

additional countries by 2026. Governments and non-governmental organizations (NGOs) 83 

worldwide rely on the IPC to monitor and identify acute food insecurity and malnutrition, and to 84 

classify famine (1, 2). As of 2023, IPC estimates are widely used to guide the allocation and 85 

targeting of approximately six billion dollars’ worth of humanitarian assistance per year —by 86 

international organizations, donor governments and national NGOs (21). The IPC uses multiple 87 

indicators, and a convergence-of-evidence approach to assess the severity and geographic 88 

distribution of acute food insecurity sub-nationally in many cases multiple times each year. In 89 

this way, the IPC differs from measures like the Prevalence of Undernourishment (PoU), 90 

calculated once each year by the FAO as a model-based national-level estimate of chronic 91 

undernourishment, primarily used for global monitoring and long-term trend analysis. 92 

 93 

The IPC process assesses a diverse set of information about food insecurity to develop a single 94 

severity classification (“phase”), and population estimates in each phase for each sub-national 95 

assessment area. These classifications are intended to guide interventions. The assessments 96 

are based on IPC partners’ survey data – a range of food security measures collected from 97 

each sub-national assessment area – as well as other relevant contextual information.  98 

 99 
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IPC technical working groups (TWGs) have access to different combinations of food security 100 

indicators (FSIs), depending on data collected by their partners. Common indicators used by 101 

TWGs include measures of dietary quality such as the Food Consumption Score (FCS) and 102 

Household Dietary Diversity Score (HDDS) and measures reflecting food insecurity experience 103 

and coping, including the Household Hunger Scale (HHS), Livelihood Coping Strategies (LCS) 104 

and reduced Coping Strategies Index (rCSI). Correlations vary by FSI pair (22, 23). FSIs 105 

capture different aspects of food insecurity, underscoring both the multidimensionality of food 106 

insecurity and the challenges faced by analysts facing conflicting data (24, 25, 26). For 107 

example, while each FSI has an associated phase classification, the FSIs often point to different 108 

rates and severities of food insecurity, thus suggesting a wide range of phases and population 109 

estimates for the same location at the same time (26; See SI Table A4 and Figure A1).  110 

 111 

To harmonize these discordant indicators, IPC food insecurity assessments rely on a multi-step 112 

consensus-based process. Each analyzed country has a TWG of trained food security analysts 113 

drawn from United Nations organizations, NGOs, and national and local institutions. TWGs 114 

meet between two and four times per year to assess and interpret recent FSI data collected by 115 

partners and to draw on other information such as food prices, conflict location and severity, 116 

market functioning, and natural disasters and hazards that can contribute to food insecurity. 117 

Each TWG uses a ‘convergence of evidence’ process, which consolidates available evidence 118 

from a range of sources using a set of predefined protocols (19). TWG members evaluate and 119 

debate the available evidence, building a consensus on subnational classifications of (1) 120 

severity and (2) populations in each severity class. The consensus process occurs behind 121 

closed doors. 122 

  123 

For each sub-national assessment area, working group members reach consensus both on the 124 

number of people who are food insecure and on the severity of their circumstances. 125 

Classifications range from phase 1 (none/minimal), 2 (stressed), 3 (crisis), 4 (emergency), to 5 126 

(catastrophe/famine). A classification of phase 3 or higher (phase 3+) means that households 127 

are “in crisis” and "marginally able to meet minimum food needs but only by depleting essential 128 

livelihood assets or through crisis coping strategies" or worse (19, p.37), placing them at risk of 129 

future deprivation. Any classification at or above 3 implies that “urgent action is required” (19, 130 

p.37). IPC classifications are intended to be comparable across locations and over time. See 131 

Figure 1 for details about scope and assessment of the current IPC. 132 

 133 
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 134 

Figure1. IPC coverage used in our analysis and geographic distribution of the proportion of 135 

population assessed in phase 3+ 136 

 137 

 138 

Caption: The figure presents the average proportion of population in phase 3+ for our sample of IPC 139 

assessments in 32 countries, ranging from yellow (low) to black (high). The averages are based on the 140 

most current area assessments within each country that were available (2020 or later). The number of 141 

areas classified by IPC ranges from 8 to 348 per country. IPC analyses report the 'Tri-National Border 142 

Regions' (El Salvador, Guatemala, and Honduras) separately, which we treat as a 33rd “country.” 143 

Countries not covered by IPC are colored gray. In West Africa, food insecurity is classified using the 144 

Cadre Harmonisé, an analytical approach similar to – but distinct from – the IPC process. 145 

 146 

  147 

Food security assessment is difficult 148 

 149 

The IPC’s consensus-based methods are in response to a major challenge: food insecurity 150 

assessment is inherently difficult, especially in data-scarce environments. One key issue in food 151 

insecurity assessment is that, like poverty, food insecurity is multidimensional and as a latent 152 

variable is not directly measurable (24, 25). The measurement of food insecurity relies on proxy 153 

indicators such as household dietary quantity, dietary quality, and or coping strategies (e.g., 154 

skipping meals) (22, 25, 27). Moreover, some proxy indicators require contextually specific 155 

adjustments (22, 23, 28). For example, in some contexts the consumption of wild foods is a 156 

common strategy among food secure households while in others turning to wild foods is a sign 157 

of acute distress. Thus, collecting and interpreting food security information, such as on the 158 

consumption of wild foods, requires nuance (29). 159 
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  160 

A second key issue related to food insecurity measurement is that the literature has yet to 161 

identify any single indicator or combination of indicators to serve as a reliable proxy for food 162 

insecurity. Instead, research suggests that the current suite of food insecurity measures capture 163 

different aspects of food insecurity and current measures are often only weakly correlated (22, 164 

23, 28, 30). Thus, multiple FSIs can imply different conclusions about the food insecurity status 165 

of the same household at a single point in time. 166 

  167 

Further, IPC assessments are often conducted in data-scarce environments including remote 168 

areas, conflict zones or highly dynamic humanitarian crises. As a result, timely, reliable 169 

information about food insecurity is generally limited for TWGs, who must rely on the technical 170 

protocols and the consensus process to interpret and contextualize the data they do have. 171 

  172 

The IPC’s consensus approach provides a means to address important limitations and 173 

constraints related to food insecurity measurement in general but also particular challenges that 174 

characterize the contexts in which IPC operates: discordant food insecurity indicators that 175 

capture different aspects of food insecurity and that indicate different needs, missing or poor-176 

quality data, and rapidly changing situations on the ground. Even so, the closed-door nature of 177 

the consensus approach creates another challenge: the perception of bias. 178 

  179 

IPC working group members and users are concerned that the consensus 180 

process is biased 181 

  182 

Governments and international agencies rely on IPC assessments to allocate humanitarian 183 

funds and to prioritize particular regions over others. Yet, donors, the media, and even IPC 184 

TWG members themselves have expressed concerns about the IPC assessment process (1, 2, 185 

7, 31, 32, 33). Key informant interviews with over 20 humanitarian decision-makers and analysts 186 

conducted by the authors identified a common concern: that IPC population estimates are 187 

regularly and substantially inflated, over-stating the magnitude of crises (26). 188 

  189 

Key informants raised two primary concerns contributing to the perception that IPC estimates of 190 

the number of individuals in crisis are inflated by the TWGs. First, while they recognize the 191 

significant data challenges associated with measuring food security, they express concern that 192 

such data challenges mean that resulting IPC assessments are not well-grounded. Second, 193 
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they expressed concern about the IPC consensus process, describing it as “closed-door” and a 194 

“black box” (see also 7). One donor commented that working group members have the incentive 195 

to inflate the number of people “in crisis”, a technical term in the IPC assessment referring to 196 

classifications at IPC phase 3 or higher, and therefore in urgent need of assistance, to crowd-in 197 

funding for a country. A former IPC TWG member explained that while there was “general 198 

agreement on the classification … Probably [the TWG process] overestimates the population.” A 199 

related concern was that vested interests could push consensus toward results that would 200 

benefit certain sub-national assessment areas as a form of political patronage, or in order to 201 

benefit aid organizations and other actors operating in those locations. Findings from our 202 

interviews are consistent with humanitarian financing experts who write, “We encountered deep 203 

suspicion among donors that humanitarian organizations have for years been inflating figures in 204 

a bid to compensate for funding gaps” (34, p. 1).  205 

  206 

Results 207 

We analyze nearly 10,000 sub-national area assessments classifying the food insecurity status 208 

of 917 million unique individuals in 33 countries between 2017-2023. The sub area 209 

assessments over time include 172 country-by-round assessments, and a total of 2.8 billion 210 

people, including populations whose status is assessed in multiple rounds. Each assessment is 211 

for an IPC assessment area (a geographic unit often similar to Admin 3 level) at a given time. 212 

The assessments are based on underlying FSI data collected by household survey; for a subset 213 

of our observations, we observe the FSI data. This sample includes 27 TWG meetings during 214 

2020-2022 for 15 countries, covering 743 million people, including populations assessed in 215 

multiple rounds (details of our sample are in methods and SI Tables A1-A4).  216 

 217 

We use three related approaches to evaluate potential bias in the IPC TWG assessments. We 218 

first evaluate the distribution of the population percentage in phase 3+ around the 20% 219 

threshold. This threshold is significant for study because, according to IPC technical guidance 220 

(19), when at least 20% of the population moves from phase 2 to phase 3 or above, this 221 

transition signals the urgent need for assistance to donors, governments, and response 222 

organizations. Thus, the 20% population threshold is an administratively imposed cutoff that 223 

determines whether a location is in phase 2 (stressed) or phase 3 (crisis). We hypothesize that 224 

when TWGs are uncertain about the underlying conditions, they may tend to assess an area to 225 
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be just under this threshold for assistance, resulting in a ‘bunching’ of the population in the 226 

distribution right below the threshold. Alternatively, if the TWG wanted to use estimates to 227 

increase funding, they would tend to assess an area to be at or just above this threshold, again 228 

resulting in bunching. Accordingly, this point in the distribution is where under- or overcounting 229 

is most likely to be identified. 230 

 231 

We then compare the assessed population from the IPC convergence process, which we refer 232 

to as the “observed” population, to two different counterfactual distributions. These distributions 233 

are generated from food security metrics used in the assessment process itself. We use the 234 

difference between the observed population and the counterfactual distribution to generate 235 

estimates of the population who are undercounted. One counterfactual distribution is generated 236 

by using the percent of population from the average of the FSIs, and the other is generated 237 

using the worst FSI. The latter approach is motivated by a ‘right to food’ approach – if a 238 

household is food insecurity in any dimension, they should be treated as food insecure. This 239 

analysis can be treated as an upper threshold on the number of hungry people. Our primary 240 

results are generated using the more conservative of these two approaches – the percent of 241 

population based on the average of the FSIs. For detail on each of these approaches, see the 242 

methods section. 243 

  244 

Evidence of undercounting 245 

 246 

The results from all three approaches indicate that IPC assessments undercount the number of 247 

hungry people relative to the comparators. We begin with the results of the bunching analysis. 248 

We evaluate whether the distribution of the IPC assessments of the share of the population in 249 

3+ exhibit bunching by evaluating whether there is an anomalous mass of assessments just 250 

above or below the threshold distinguishing a phase 2 classification from a phase 3 251 

classification (i.e., at the 20% threshold) (following 35-37). To make this evaluation, we 252 

construct a series of counterfactual distributions that simulate the distribution in the absence of 253 

the 20% threshold. We find evidence of bunching just below the threshold compared to an 254 

expected, smooth distribution. In other words, we find the TWGs assess a large number of 255 

areas to have populations just below the threshold for phase 3+ (upper panel of Figure 2). We 256 

illustrate the effect for several countries with very different levels of overall food insecurity (lower 257 

panel of Figure 2). We frequently observe an excess mass of assessments just below the phase 258 

3 threshold, and a lower-than-expected number of assessments at or just above the threshold, 259 
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such as in Lebanon and Madagascar. The results exhibit heterogeneity over countries and time, 260 

with evidence of undercounting at the threshold for a range of countries and time periods. 261 

Dynamic analyses for one of the countries over time – Afghanistan – are presented in the 262 

Supplementary Information (SI Figure A2). 263 

 264 

 265 

Figure 2. Comparison of observed and estimated distributions of IPC classifications, based on 266 

population shares in Phase 3+ (%) 267 

 268 
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 269 

 270 

Caption: The top panel generates a smooth counterfactual distribution using data for the full sample (all 271 

countries and time periods) and three different exclusion strategies around the threshold. We apply a 4th-272 

degree polynomial fit to data organized into 5% bins, constraining the estimates to be non-negative, while 273 

varying the exclusion of bins near the 20% threshold. The first set of estimated frequencies and their 95% 274 

confidence intervals, illustrated by the blue solid line with circle markers, is derived by excluding bins in 275 

the range [15%, 30%] sequentially, and aggregating coefficients across four different scenarios for each 276 

bin. The second set of estimated frequencies and 95% confidence intervals, illustrated by the yellow dot-277 

dashed line and triangle markers, is generated without excluding any bins. The third set of estimated 278 

frequencies and 95% confidence intervals, illustrated by the green dotted line and square markers, 279 

excludes all bins in the range [15%, 30%] simultaneously and extrapolates across the entire distribution. 280 

Red stars illustrate the observed frequencies of IPC assessments, and a vertical black dotted line 281 

indicates 20% population threshold, where a sub-national zone being assessed moves from being 282 

classified as phase 2 (“stressed”) to being classified as phase 3 (“crisis”) (n =9394). 283 

The middle panel presents the difference between the observed and estimated frequencies at different 284 

phase 3+ population bins [15%, 30%] (following 35, 37). These differences are generated from estimated 285 

frequencies from the upper panel of Figure 2 (i.e., the blue solid line). Values on each bar are the excess 286 

mass, defined as the difference between observed and estimated frequencies. We use the 95% 287 

confidence intervals of the estimated frequencies (1) to construct the lower and upper bounds of the 288 

excess mass at each bin. Values in parentheses represent the excess mass as a percent of the estimated 289 

frequency (i.e., (observed – estimated frequency) / estimated frequency). See SI for excess mass 290 
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calculations across the entire 3+ population bin. Note we also observe undercounting at the 50% bin, 291 

possibly suggesting a bias from TWGs rounding the population estimates to half the population). 292 

  293 

The bottom panel shows country specific comparisons of observed and estimated distributions of IPC 294 

classifications, based on population shares in Phase 3+ (%) across a selection of six countries. The 295 

counterfactual distributions are generated using a 4th degree polynomial following the same approach as 296 

the top panel for the first bin-exclusion and aggregation strategy demonstrated in the full sample analysis. 297 

  298 

 299 

The middle panel of Figure 2 presents the difference in the number of observed versus 300 

estimated counterfactual assessments of the percent of population in phase 3+, immediately 301 

above and below the 20% threshold, using the pooled sample. It shows that the sum of the 302 

missing assessments in three of the distributional bins just across the critical threshold (20%, 303 

25%, 30%) approximately equals the excess number of assessments in the 15% bin. We find 304 

evidence that there are 46% more classifications just under the threshold (at 15%) than 305 

predicted by the counterfactual: 3% fewer at the 20% threshold, and 15% and 19% less at the 306 

two bins just above the threshold (25% and 30% bins respectively). When we statistically 307 

compare the number of classifications at each bin (following 35, 37), we find that all of the 308 

differences for the bins around the 20% threshold are statistically significantly different from zero 309 

with the exception of the 20% bin. Thus, we find strong evidence of bunching just below the 310 

20% threshold, highly suggestive of undercounting. 311 

 312 

In Figure 2, in the top panel, we observe several peaked bins relative to our counterfactual 313 

distribution, including population concentrations at the 40% bin in Afghanistan and the 50% bin 314 

in South Sudan and Yemen. These peaks do not appear to result from a shifting of population 315 

from adjacent bins and therefore seem to be consistent with a smooth, unimodal distribution. 316 

This phenomenon changes the prevalence of population within the classification level but does 317 

not change the severity of the classification. In contrast, the pronounced mass point at the 15% 318 

bin and associated reduction of mass in the bins just above 20% suggests a non-smooth 319 

pattern, likely driven by the presence of the external threshold at 20%, below which populations 320 

are not classified as being in “urgent need.”  321 

  322 

Second, we present results from our analysis of the full distribution of classifications. This is our 323 

preferred method for estimating the number of undercounted people, as it considers the full 324 

distribution, not merely assessments around the 20% population threshold. Undercounting may 325 

not just take place at the threshold; instead, it may be present in the evaluation of the data in 326 
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front of the TWGs. We analyze the FSI that the TWGs used in the 1849 assessments where 327 

these data are available. Our results from this second analysis method indicate that the 328 

observed consensus-based classifications allocate a lower percent of the population to be in 329 

phase 3+ than we would predict from the underlying FSIs. TWGs do not have access to the 330 

same suite of FSIs. To keep our estimated counterfactual comparable across observations, we 331 

conduct separate analyses for each set of available FSIs. 332 

  333 

In Figure 3, we present the observed distribution of the percent of population assessed to be in 334 

phase 3+ for the 1849 assessments with underlying FSIs. The solid red lines present the 335 

observed, consensus-based outcomes. The grey line in Figure 3 is our estimated counterfactual 336 

distribution of the population assessed to be in phase 3+ which is based on an average of the 337 

FSIs for the same locations. This counterfactual represents a scenario in which the TWG 338 

categorizes populations by calculating an unweighted average of the available FSIs. This 339 

scenario can therefore be thought of as a hypothetical situation in which IPC working group 340 

members take an average across the set of available FSI because they do not hold priors about 341 

which are most suitable. This counterfactual distribution is noticeably shifted to the right relative 342 

to the observed assessments, illustrating that the majority of the IPC assessments categorize a 343 

smaller percent of the population to be in phase 3+ than is suggested by a simple FSI average. 344 

Regardless of the set of FSI available, we see a mass of the distribution just to the left of the 345 

20% classification threshold between phase 2 and phase 3 (depicted as the dashed black line in 346 

Figure 4), further evidence of the ‘bunching’ phenomenon in IPC assessments discussed above. 347 

An alternative estimate using regression-based weights on FSI derived from ordinary least 348 

squares regression in SI (Figure A3) shows findings for distributions derived from the estimated 349 

coefficients on FSI predicting IPC consensus populations. These findings do not predict the 350 

“bump” below 20% threshold, also indicating that the threshold is externally imposed by TWG 351 

members and not a function of the underlying FSI information. 352 

  353 

Finally, we generate a counterfactual distribution with the highest percent of population 354 

assessed in phase 3 + based on the underlying food insecurity indicator that suggests the 355 

highest level of food insecurity (illustrated by the purple line in Figure 3). This estimate can be 356 

thought of as representing a Right to Food perspective that articulates that all people have the 357 

right to adequate, safe and nutritious food (38). Thus, under this perspective, any metric that 358 

shows that an area is in urgent need should be counted as hungry. Given that food insecurity is 359 

multidimensional (24, 25), we do not report the least severe metric, which would ignore other 360 
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dimensions of hunger. As expected, the Right to Food analysis suggests that the assessments 361 

of the populations in phase 3+ are severely undercounted, with the estimated distributions far to 362 

the right of the observed distribution of assessments. This analysis cannot account for 363 

contextual interpretations of indicators and therefore may overstate the population in 3+.  364 

 365 

 366 

Figure 3: Comparisons of distributions of IPC assessments defined by proportion of population 367 

in phase 3+ (Observed vs Counterfactual) 368 

 369 

 370 
Caption: This figure presents gaussian kernel density estimates for three different distributions of 371 

population assessed in phase 3+: the percent of population assessed by the IPC TWGs to be in phase 3+ 372 

(red line), the counterfactual distribution of the estimated percent of population assessed to be in phase 373 

3+ using the average of underlying FSIs (gray line), and the counterfactual distribution of the estimated 374 

percent of population assessed to be in phase 3+ using the worst underlying FSI 3+ (purple line). Each 375 

panel uses a sample based on different combinations of FSIs, (combinations of: food consumption scores 376 

(FCS); reduced coping strategies index (RCSI); household hunger scale (HHS); livelihoods coping 377 

strategy (LCS); and household dietary diversity score (HDDS)) reflecting the fact that available FSIs tend 378 
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to vary across assessment areas. The 20% threshold between phase 2 and phase 3 is illustrated by a 379 

vertical black dashed line (n = 1849). 380 

  381 

 382 

We statistically test whether our counterfactual distributions differ from the distribution of the 383 

population assessed to be in phase 3+ using a Barrett and Donald (BD) test (39) to ascertain 384 

whether one cumulative distribution stochastically dominates the other. We present the results 385 

in SI Figure A4. For all groups examined, the test statistics are consistently positive and 386 

statistically significant, indicating that the distributions from consensus exhibit lower levels of 387 

population in phase 3+, compared to estimates derived from counterfactual scenarios. 388 

Consequently, the counterfactual distributions first order stochastically dominate the observed 389 

assessed phase 3+ population. This implies that the situations depicted by the counterfactual 390 

scenarios are “worse” in terms of representing populations in urgent need, (i.e., in phase 3+). 391 

  392 

To visualize the difference between the observed percent of population assessed in phase 3+ 393 

and our primary counterfactual – the percent of population assessed in 3+ using the average of 394 

the underlying FSIs – we plot a histogram of the difference in the frequency of assessments in 395 

Figure 4 (panel a). This difference can be large: in some locations, TWGs assess as many as 396 

40 percentage points fewer people in phase 3+ than what is suggested by the average of the 397 

FSIs. Figure 4 also reveals a clear asymmetry: the number of assessments in which the IPC 398 

estimates a smaller phase 3+ population than the FSI-based average (blue) far exceeds those 399 

indicating possible overcounting (tan). In 14 out of 15 countries, (and 20 out of 22 country-by-400 

round assessments), we find more undercounting than overcounting relative to the mean. We 401 

present the number of over and undercounted assessments by country and country-by-round in 402 

the SI Figure A5-A65. 403 

 404 

  405 

Figure 4. Distribution of the difference between consensus-based 3+ population (%) and the 406 

arithmetic mean of FSI implied 3+ populations (%) for IPC assessments and number of 407 

undercounted populations in phase 3+ using counterfactual distributions estimates by FSI 408 

availability group. 409 

  410 

 411 

 412 
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 413 
 414 

Caption: Panel A presents the distribution of observed differences between the share of the population 415 
classified in IPC Phase 3+ by TWGs and the arithmetic mean of the FSI-implied Phase 3+ populations, 416 
with both rounded to the nearest five percent. Blue bars indicate instances where IPC TWGs classified a 417 
smaller share of the population as food insecure (IPC undercount) relative to the FSI mean, tan bars 418 
indicate IPC overcounts, and lavender bar at 0 represent no difference.  419 
 420 
Panel B compares the observed IPC Phase 3+ population with two counterfactuals constructed from the 421 
FSIs: (i) the arithmetic mean of FSIs (Counterfactual 1) and (ii) the worst-case FSI (Counterfactual 2). 422 
Gray bars show the observed population, with additional red and purple segments indicating the 423 
undercounted populations relative to each counterfactual. Text inside the bars shows observed and 424 
undercounted population sizes (in millions), and labels above the bars indicate the undercounted ratio. 425 
The sample includes all classifications for which underlying FSIs are available  (n = 1,849). 426 
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  427 

Percent of undercounted people 428 

 429 

We use each of the three analyses above to generate estimates of the percent of population in 430 

phase 3+ that are undercounted in the IPC assessments. 431 

  432 

We first calculate the percent of undercounted people in acute food insecurity crisis using our 433 

primary analysis: our comparison of the IPC assessments to counterfactuals derived from the 434 

average of the underlying food insecurity indicators. Because the combination of FSIs vary 435 

across TWGs, we estimate the percent of undercounting by groups of available FSI. The 436 

averaged FSI estimates indicate 293.1 million people in phase 3+, compared to the observed 437 

assessments of 226.9 million people. Taking the difference between the two estimates, we find 438 

that the true number could be 29.2% more than the observed value (66.2 million / 226.9 439 

million).  In other words, the IPC could be missing an average of one in five people who are in 440 

urgent need (66.2 million / 293.1 million).  Our estimates based on method three – using a 441 

counterfactual of the highest percent of population assessed in phase 3 + based on the 442 

underlying food insecurity indicator that suggests the highest level of food insecurity – are the 443 

largest in magnitude at 115.2% (see Figure 4 panel b). In other words, more than one in five 444 

truly hungry people go uncounted in comparison to the averaged measure of food security, 445 

while more than one in two go uncounted compared to the worst food security measure. 446 

 447 

The bunching analysis cannot provide an estimate of the total number of undercounted 3+ 448 

population because it analyzes only the area around the 20 percent threshold. It does, however, 449 

allow us to estimate the percentage of undercounting that is attributable to manipulation around 450 

the threshold. Estimates of bunching presented in Figure 2 suggest the presence of 451 

undercounting in the 20, 25, and 30% bins, where the numbers represent the percent of the 452 

population in the area assessed in phase 3+, underscoring the threshold effects of IPC 453 

classifications. Our back of the envelope calculations suggest that 16.3 million people are 454 

undercounted in the area of the 20% threshold, or about 5.88 percent of the 3+ population in the 455 

relevant region of the distribution, 15% to 30% (277.2 million people). Because the samples for 456 

the bunching analysis (n=9394) and the comparison to the average FSI (n=1849) differ, we 457 

cannot directly compare the two approaches’ undercounting estimates. However, if one 458 

assumes that the shares of undercounting in each sample are representative of the broader 459 

population, then applying 5.88 percent to the smaller sample (n=1849) indicates that 460 
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approximately 4.3 million people are undercounted out of the 73.7 million people assessed to be 461 

between the 15% to 30% bins. These 4.3 million people are 6.5% of the total undercounted 462 

population of 66.2 million. Thus, while the threshold effects are important, the majority of the 463 

undercounting is happening away from the threshold. We provide details on this calculation in 464 

the methods section. 465 

 466 

Examining possible mechanisms 467 

 468 

The evidence for undercounting is widespread: we found evidence of more undercounting than 469 

overcounting in 25 out of 27 country-by-round assessments. The tendency to undercount may 470 

arise through several pathways. We use this section to explore four possible mechanisms 471 

related to expected humanitarian aid, FSI data quality and inconsistency, unobserved 472 

information held by TWGs, and process-based pressures. 473 

 474 

First, our estimates do not include humanitarian food assistance (HFA) commitments which 475 

TWGs may account for in their assessments. Using the case of Afghanistan, we examine 476 

whether our results on undercounting are driven by TWGs accounting for expected 477 

humanitarian food assistance. HFA could contribute to downward estimates if a TWG accounts 478 

for incoming assistance and adjust the population in 3+ downward in anticipation. We find that 479 

the presence of HFA is correlated with a slight decrease in the difference between the 480 

consensus-based estimates and the arithmetic mean of the FSI-derived counterfactual 481 

estimates, but this effect is  statistically significant only at the ten percent level (See SI Figure 482 

A7). Thus, for this case, while we cannot make a strong claim that HFA is driving the lower 483 

TWG assessments, the possibility cannot be ruled out. However, this finding is limited to one 484 

case with sufficient data to permit analysis. As HFA data become more available, it would be 485 

worthwhile to expand this investigation to other countries. 486 

 487 

Second, inconsistencies or limitations in the quality of the FSI data available to the TWG may 488 

introduce uncertainty, contributing to more conservative classifications. TWG concerns about 489 

data quality could contribute to undercounting, with TWGs putting less weight on data with lower 490 

reliability scores – potentially discounting or down-weighting data that reflects more severe 491 

conditions for example. We do not find evidence that differences in reliability of FSI information 492 

influence undercounting, primarily because reliability scores show limited variation within data 493 

available to each TWG. While TWGs receive information on the reliability of the surveys used to 494 
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collect FSI information, specifically on the representativeness and timeliness of the sample, a 495 

single survey usually collects all available FSI for each analysis area. As a result, indicators 496 

from that survey receive the same reliability score. Therefore, by construction, reliability 497 

information cannot help TWGs to determine the quality of underlying FSI.  498 

  499 

However, we do observe that within-area inconsistencies among FSI data is associated with 500 

conservatism by the TWG. We observe more undercounting when the underlying food insecurity 501 

data available to the TWG are noisier, that is, when the indicators exhibit greater range in their 502 

suggested phase classification for a given place and time. In Figure 5, we document the 503 

presence of more undercounting when a higher fraction of indicators suggests different IPC 504 

phases. We show the relative noisiness of the data on the horizontal axis using the difference 505 

between the maximum and minimum percent of population in phase 3+ suggested by the FSIs. 506 

  507 

The blue line illustrates that underestimates grow larger under “noisy” conditions (i.e., with 508 

larger absolute differences), widening the gap between the consensus estimates and the mean. 509 

Thus, as the underlying data become more “noisy,” TWGs tend to underestimate hunger 510 

(relative to the FSI mean) by larger amounts. In contrast, the red line shows that with more 511 

"noise,” overestimates by the TWG decrease. In other words, as we move to the right on the 512 

horizontal axis, we see the TWG assessments that overestimate hunger move closer to the 513 

arithmetic mean. Thus, these two lines suggest that as FSI data becomes more divergent, TWG 514 

predictions become more cautious, assessing a smaller percent of population to be in phase 3+. 515 

 516 

We do not find evidence of undercounting in the 4+ category where the classification guidance 517 

is more straightforward, given certain FSI do not have cut-offs associated with higher levels of 518 

severity (see SI Figure A8). Thus, our findings suggest that greater uncertainty in input data 519 

may result in more conservative assessments by the TWGs. Future work could investigate what 520 

contributes to greater noise in FSIs in some analysis areas, which could make those areas 521 

harder to classify. 522 

  523 

 524 

Figure 5. Relationship between the difference in Maximum (MAX) and Minimum (MIN) FSI 525 

implied 3+ population (%) and the absolute difference between the consensus-based 3+ 526 

population (%) and the arithmetic mean of FSI implied population (%). 527 
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 528 

 529 

Caption: This figure presents a third-degree polynomial fitted line with 95% confidence intervals of the 530 

observed range in the FSI implied 3+ populations for a given country-by-round level analysis (x-axis) and 531 

the absolute value of the difference between the (observed) IPC 3+ population analysis and the arithmetic 532 

mean of the FSI implied 3+ populations (y-axis). The data available to the TWG gets “noisier” (in terms of 533 

range) as one moves to the right on the x axis. The “residual” in the prediction by the TWG (relative to the 534 

arithmetic mean) gets larger as one moves away from the origin on the y axis (n =1849). 535 

  536 

 537 

We explore a third possible mechanism driving conservativism by the TWGs: TWG members 538 

may have context-specific understanding regarding which FSI data are most valuable for their 539 

country. It could be the case, for example, that one FSI is wrong in (or inappropriate for) some 540 

settings, and therefore including it in the construction of the counterfactual may bias our results. 541 

To assess whether any single FSI has an outsize influence on the results, we ran Monte Carlo 542 

simulations for four separate groups of indicators using the available FSI dataset. We 543 

sequentially omitted one FSI from the average calculation of FSI-implied population estimates 544 

and determined whether doing so would significantly affect our findings. The results presented 545 

in the SI (Figure A9) suggest that removing any single FSI does not affect our conclusions, and 546 
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that the distribution of population predicted to be in phase 3+ using the FSI data remains to the 547 

right of the assessment. That is, we do not find evidence that any one FSI is driving our results.  548 

 549 

Fourth and finally, the convergence process itself could be prone to conservatism, regardless of 550 

the data. Key informants voiced concerns regarding both potential overestimation of population 551 

figures and the possibility of influential voices advocating for disproportionate assistance to 552 

specific areas. While this is possible for a given country, our results do not support these 553 

concerns on average. On the other hand, an a priori concern of inflated numbers, paired with 554 

limited resources for response, could depress numbers during the TWG process. For example, 555 

if TWG members believe that the IPC process tends toward overcounting or are worried that 556 

donors believe that there is overcounting, they may pre-emptively undercount. Or, they may err 557 

on the side of caution to avoid being accused of crying wolf, especially if circumstances are 558 

expected to worsen. Notably, no informant raised the concern that the IPC was too cautious in 559 

assessing populations experiencing phase 3 or 4 food insecurity (note: we  have only a single 560 

phase 5 (famine) in our sample). While we cannot observe the working group deliberations, on 561 

average we do not find evidence of systematic overcounting. Our findings should mitigate 562 

concerns about TWGs “inflating” population numbers and motivate future research to 563 

characterize drivers of the tendency toward undercounting. 564 

  565 

Discussion 566 

 567 

The IPC is perhaps best known for its assessments of famine, which are rare but catastrophic 568 

occurrences attracting considerable media and policy attention. Yet the IPC plays a crucial role 569 

in identifying food insecurity more broadly and in marshalling and allocating humanitarian 570 

resources to areas in crises to prevent famine from occurring. In this paper, we analyze the 571 

IPC’s assessments between 2017 – 2023. We find evidence of a bias towards under-counting in 572 

the IPC assessments. Of the 27 country-by-round assessments, undercounting occurs in 25 (SI 573 

Figures A5-A6). In locations where we have access to the FSI data underlying the TWG IPC 574 

classifications, the TWGs assess 226.9 million people (30.5% of the assessed population) are in 575 

phase 3+. At phase 3, urgent action is required to protect lives and livelihoods before 576 

households fall into phase 4, where severe hunger puts individuals at risk of losing their 577 

livelihoods and lives. Our preferred method, which uses the averaged FSIs underlying the IPC 578 

assessments to create counterfactual assessments, suggests the number could be 293.1 million 579 
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(i.e. 29.2% more people than the number assessed by the IPC to be in phase 3+). Thus, the 580 

IPC process may fail to identify more than 1 out of every 5 people in crisis. 581 

 582 

Results from the counterfactual grounded in the rights-based approach suggests that the 583 

number of acutely food insecure people in the world is even larger at 488.2 million (or 115.2% of 584 

the population assessed by the IPC to be in phase 3+). However, given that FSIs are context-585 

specific, using the worst indicator to generate counterfactuals is likely to overstate a crisis. Our 586 

bunching analysis also finds evidence of undercounting but is methodologically limited to 587 

consider only the population around the 20% threshold.  588 

  589 

Our results based on the bunching analysis (Figure 2) also show that the geographic scope of 590 

acute hunger is larger than current estimates: 46% of locations currently classified as phase 2 591 

should likely be classified as being in phase 3+, or in “urgent need”. Thus, our findings suggest 592 

that many more people in many more locations may be experiencing severe and acute hunger 593 

than suggested by the current assessments. Donors, governments, and humanitarian 594 

organizations use IPC classifications to guide funding (21). Under-classifying these households 595 

puts them at risk of the long-term consequences of hunger: compromised health, livelihoods 596 

collapse and decreased future incomes and household welfare (3, 4).  597 

  598 

Our results should be viewed in the light of three important limitations. A first, critical constraint 599 

of our analysis is that we cannot observe the true experience and therefore the true incidence of 600 

food insecurity. We observe the IPC assessments and, for a subset of the IPC assessments in 601 

the sample, the underlying food insecurity indicator data. Our counterfactuals are therefore 602 

based on assumptions that the food insecurity indicator data and their levels in the reference 603 

table sufficiently capture the true incidence of food insecurity. On average, we find 604 

undercounting compared to our counterfactuals. In some countries, it is possible that the 605 

counterfactual of the averaged FSIs may overestimate the true percent of populations in 3+ 606 

because it does not consider important contextual information. 607 

  608 

A second limitation is that our bunching analysis only considers locations at the threshold. With 609 

this analysis, we cannot identify undercounting that occurs far above the threshold. For 610 

example, we are unable to identify locations that may truly have 40% of the population in phase 611 

3+ that are instead assessed to be at 15%. Locations outside of the range of the threshold very 612 

likely also have undercounting and the magnitude of that undercounting could be quite severe. 613 
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  614 

Third, our data only cover the IPC assessments available from 2017 to 2023 and some include 615 

only one to two years. While the data include a wide range of countries, our analyses are limited 616 

to IPC countries, preventing us from characterizing trends over time and excluding middle-617 

income countries, like India, that may have pockets of severe food insecurity where IPC data 618 

are not available. Further, our second and third analyses based on counterfactuals constructed 619 

from the FSI data are constrained to the subsample of assessments with available FSI data 620 

(1849 out of 9394). Thus, when we calculate the implications for the total percent of 621 

undercounted acutely hungry suggested by these analyses, we assume that the percent 622 

undercounted in assessments with FSI data are similar to (i.e. a representative sample of) the 623 

other assessments where we did not have access to FSI data. We test this assumption (SI 624 

Table A5) and find that locations with and without FSI data are similar over a set of observable 625 

characteristics, including average phase classification; an exception is that locations with FSI 626 

data tend to have higher levels of conflict.  627 

  628 

Our methods and results are diagnostic, not prescriptive. Our analysis shows that 629 

undercounting may occur frequently and could be significant in scale and scope. But unless we 630 

impose strong assumptions on the veracity and underlying true weights of the FSI data, we 631 

cannot identify exactly which populations are being undercounted. Further, our distributional 632 

analysis relies on the existence of an underlying smooth distribution and cannot identify the 633 

exact locations or severities of the populations that are undercounted. Thus, we cannot directly 634 

use our approach as an alternative to estimate true rates of food insecurity.  635 

  636 

By no means do our results suggest that the IPC consensus process should be abandoned. 637 

Given the significant challenges associated with measuring food insecurity, the consensus 638 

process plays a valuable role in harmonizing across a wide and dynamically variable information 639 

set, while also building buy-in among stakeholders. Even so, better data and more transparency 640 

around the data and the process could improve internal and external confidence in the IPC 641 

consensus process. For example, the TWG could provide explanations in circumstances in 642 

which assessments diverge substantively from assessment levels suggested by underlying FSI 643 

data. 644 

  645 

A deeper understanding of the relationship among household food security, asset portfolios, and 646 

a range of environmental and economic stressors could better inform assessment. Spatially and 647 
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temporally granular data, including panel data on the food security and livelihood status of 648 

households in a range of contexts will improve our understanding of the mapping between FSIs 649 

and sub-national classifications used by the TWGs. This understanding could inform TWG 650 

deliberations and could help improve the transparency of the convergence process. 651 

  652 

As innovative data collection and modeling techniques emerge and develop, so will new 653 

opportunities emerge for modeling to complement or even guide – rather than replace – the IPC 654 

consensus processes. Machine learning approaches have gained some traction in the food 655 

security space (20, 40-43) and these ML-based modelling outcomes could provide valuable 656 

support to TWG consensus processes. However, the food security classification and population 657 

identification problems may not (yet) be solved by developing and deploying algorithmic 658 

solutions. Humanitarian emergencies are often rapidly changing, multi-hazard, cascading crises 659 

that occur in data sparse environments, hampering model development and training (43-45). 660 

  661 

At least for the near future, the international food insecurity assessment and response 662 

communities will continue to face limited and conflicting data. Given that food insecurity 663 

assessment will always involve some degree of uncertainty and contextual interpretation, 664 

collecting more data is unlikely to fully resolve the problem (46). Thus, the drive for a false level 665 

of precision may hinder the appropriate level humanitarian response. 666 

  667 

A 2023 report, relying on current IPC population estimates, found a 53% gap between the 668 

assessed needs and allocated funding (17) and the scope of global humanitarian funding needs 669 

is expected to grow (8, 10). In as much as such funding shortfalls are influenced by a suspicion 670 

that current food security estimates are overblown, our evidence indicates that the suspicion 671 

may be unfounded. 672 

  673 

The number of food insecure individuals worldwide is high and rising (8). Our findings indicate 674 

that these figures likely underestimate the actual global population of food insecure people, 675 

under-assessing both the scale and the scope of need. More funding could help prevent 676 

hunger-related deaths, suffering, and the long-run harm to human welfare. Funding shortfalls 677 

combined with prevailing assumptions that the numbers of people in crisis are overstated might 678 

contribute to TWG member conservatism and the resulting undercounting. Alleviating the 679 

severe funding shortfall may have the additional benefit of reducing undercounting. Reducing 680 

the perception of inflated numbers is an important first step. 681 
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 682 

Methods 683 

 684 

1. Interviews 685 

  686 

We conducted 21 semi-structured interviews with individuals knowledgeable about the IPC (26). 687 

The interview sample was drawn from global staff of the IPC global support unit (GSU): regional 688 

coordinators, famine review committee members, the TWG and technical advisory group, as 689 

well as other users in IPC partner and donor organizations. These interviews identified issues of 690 

concern, helped the study team develop a clearer concept of what can constitute accuracy for 691 

IPC outcomes, and also identified possible drivers of (in)accuracy. The Institutional Review 692 

Board at University of Texas at Austin reviewed this research. 693 

  694 

2. Sample  695 

 696 

We use two main samples. The first sample, for our bunching (distributional) analysis, uses 697 

information from 9394 assessments from 2017-2023, covering 33 countries, representing 917 698 

million people (the total people assessed, including across multiple rounds, is 2.8 billion) (see SI 699 

Table A1, Sample A). IPC assessments occur in countries at risk of high levels of food 700 

insecurity; we note that countries in West Africa are classified using the Cadre Harmonisé, an 701 

analytical approach similar to, but distinct from, the IPC process. The data in our sample include 702 

all assessments with the majority of population data rounded to the nearest 5% bin available 703 

from 2017 to 2023 in the IPC’s publicly available data platform (47). More than 78% of the 704 

assessments occurred in 2020 or later. Assessments include the population share and number 705 

of food insecure households in each severity classification (1-5) for each assessment area 706 

(often district-level). TWGs allocate percentages of populations to classifications; the majority of 707 

TWGs report rounded population estimates to nearest five percent. TWGs can also report 708 

population figures generated by multiplying the percentage with the area population estimates. 709 

Area classifications of 3+ require at least 20% of the population in an area experiencing food 710 

insecurity consistent with phase 3 or above, which undercounts acutely food insecure 711 

households who fail to collectively comprise at least 20% of the population (48). 712 

 713 
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The second sample is a subset of the first. It includes the IPC assessments with the underlying 714 

FSI data available (n = 1849). We use this sample to compare the distribution of assessed 715 

populations against counterfactuals derived from the underlying FSIs, (SI Table A1. Sample B). 716 

Our sample consists of four different combinations of FSIs; the IPC analyses for each data 717 

group is listed in Table A4.  718 

  719 

3. Bunching (distributional) analysis 720 

 721 

We begin by using a bunching analysis to estimate the existence and magnitude of 722 

undercounting around a critical assessment threshold: the 20% threshold of population in phase 723 

3+. The 20% phase 3+ population threshold is a critical delineator in IPC assessments, officially 724 

distinguishing assessment areas that are stressed from those that are in crisis. When 20% of 725 

the population in a location is classified as being in phase 3+, the location moves from being 726 

classified as phase 2 (“stressed”) to being classified as phase 3 (“crisis”). The phase 3 “crisis” 727 

designation is used to identify locations in need of aid; crisis areas receive relatively more 728 

attention and more scrutiny, potentially creating incentives to manipulate assessments in this 729 

range of the distribution. 730 

 731 

To evaluate whether bunching exists, we construct counterfactual distributions that predict the 732 

distribution if the threshold were not in place. This approach assumes that the underlying data, 733 

when aggregated over a large number of IPC zones and assessment rounds, is smoothly 734 

distributed. Thus, in our setting, for example, there is no reason to expect that on average, there 735 

would be a mass point in the distribution of true food security at 0.35 relative to 0.4. 736 

 737 

To ensure our data are comparable across assessments, we use the sample of assessments 738 

where the percentage of population is rounded to the nearest 5% (Sample A in Table 4 above). 739 

To estimate this counterfactual distribution, we follow the approach used in 35-37. Chetty et al. 740 

(35) examine the effect of a government-imposed tax threshold on the distribution of income by 741 

comparing the population earning slightly below the threshold for a higher taxation rate to the 742 

population earning slightly above. They identify a non-smooth discontinuity in the distribution, 743 

attributing it to the taxable earnings threshold. They compare the observed distribution to a 744 

distribution that is smooth across the threshold, assuming that in aggregate, we would not 745 
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expect to see many more households with income just below that tax threshold than right 746 

above.  747 

 748 

In our application, we test for the influence of the 20% threshold. We first omit a range of data 749 

around the threshold, [-5%, +10%]. Then, we fit multiple polynomials — specifically 3rd, 4th, 5th, 750 

6th, and 7th degree — to model the expected distribution of the percentage of population in 751 

phase 3+. We use the 4th polynomial results for our main analysis; the others are available in 752 

the SI. We run 'p' simulations for each of several scenarios, where in each scenario we 753 

strategically exclude one bin at a time within the relevant range (i.e., [15%, 30%]) to generate 754 

estimated frequencies. We then aggregated the resulting frequencies across these exclusion 755 

scenarios to compute the mean and standard deviation of the estimated frequency for each bin. 756 

These final computations form the basis of our counterfactual distribution and provide the 757 

standard error for each bin. We compare this counterfactual to the observed distribution to 758 

detect any significant concentration or ‘bunching’ near the threshold. Specifically, we compute 759 

excess mass at each bin by taking the difference between the observed and estimated 760 

frequencies derived from the counterfactual distribution. A positive value indicates a higher-761 

than-expected frequency (i.e., excess mass), while a negative value reflects a lower-than-762 

expected frequency. The excess frequency at 15% serves as an indicator of the degree of 763 

bunching. The lower-than-expected frequency at and above the threshold suggests those 764 

locations where the population at 3+ is undercounted. We also use the 95% confidence 765 

intervals of the estimated frequencies to construct the lower and upper bounds of the excess 766 

mass at each bin.  767 

 768 

4. Counterfactuals from FSIs 769 

  770 

While the bunching approach narrowly focuses on identifying misclassification around a 771 

threshold, to estimate the total number of mis-classified population using the sample with 772 

available food security data, we evaluate the full distribution of assessed populations against 773 

counterfactuals derived from the underlying FSIs (Sample B in Table A1). We compare the 774 

assessments against a counterfactual using the average of the underlying FSI data used by the 775 

TWGs. While TWGs are trained to not simply average FSIs, recent research suggests that the 776 

implicit weights placed on different indicators vary over time, even within the same country, 777 

leading to the same classification being associated with very different levels of FSIs (26). Given 778 
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such documented inconsistencies, averaging indicators provides a more cautious and 779 

transparent approach to developing a metric for comparison.  780 

 781 

We then relate our assessments to the distribution of the IPC TWG consensus-based 3+ 782 

population estimates. In a third analysis we also use the argument of the “right to food” to 783 

classify people as facing acute hunger if any of the underlying FSIs points to households being 784 

in phase 3+ (38). Some indicators will miss higher levels of food insecurity (for example, if the 785 

household has run out of coping strategies, the coping-strategy related FSIs will not record them 786 

as being food insecure). In a rights-based framework, if a household is found to be hungry in 787 

any dimension, that is a cause for intervention. This approach can be thought of as an upper 788 

bound on the undercounting. However, our primary undercounting results come from the more 789 

conservative, second analysis. 790 

 791 

We statistically test whether our counterfactual distributions differ from the distribution of the 792 

population assessed to be in phase 3+ using a Barrett and Donald (BD) test (39) to compare the 793 

empirical cumulative distribution functions of two distributions. Detailed information about the 794 

BD test is provided in SI.3(2) and SI Figure A4. 795 

  796 

Given that different countries and survey rounds feature varying sets of FSIs, we categorize our 797 

sample into four distinct groups by the available FSIs. The results of our analysis were then 798 

presented on a group-by-group basis, aligning with the corresponding FSI implied population 799 

estimates. 800 

 801 

5. Calculating undercounted population 802 

  803 

The bunching analysis allows us to estimate the percentage of undercounting that is attributable 804 

to manipulation around the threshold. Estimates of bunching presented in Figure 2 suggest the 805 

presence of undercounting in the 20, 25, and 30% bins, where the numbers represent the 806 

percent of the population in the area assessed in phase 3+. Assuming these ‘missing’ 807 

observations at 20, 25, 30% are instead assessed to be at 15%, we can estimate the total 808 

population undercounted just at the threshold by taking the average population of areas 809 

assessed at 15% (approximately 0.38 Million), and multiplying that quantity by the number of 810 

missing allocations in each of the higher bins, times the implied difference in the percent of 811 
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population assessed in 3+. Specifically, we calculate the total undercounted population by 812 

taking: 813 

 814 

 815 

 816 

Our estimate of the undercounted in the area of the threshold is based on several important, 817 

conservative assumptions: (1) we assume that there is only an incentive to be conservative 818 

relative to the 20% threshold, i.e., bunching found at 15% (below the threshold) comes only 819 

from the 20% or nearby bins above the threshold, (2) that the undercounted assessments are 820 

assumed to be in regions of 20% to 30% based on a visual inspection of Figure 2a, (3) we 821 

assume that the classifications that are overcounted at the 15% level do not have systematically 822 

larger or smaller populations than the average assessment at 15%. One limitation of our 823 

estimate is that we cannot identify which classifications are truly overcounted at the 15% bin, so 824 

we cannot explicitly identify which of those locations have 20%, 25%, or more of the population 825 

in phase 3+. 826 

 827 

6. Robustness Checks 828 

  829 

We conduct a number of analyses to test the consistency of our findings. Our findings are 830 

robust to a wide range of functional forms and alternative assumptions. The results of each 831 

robustness test are briefly discussed below and presented in more detail in the SI. 832 

For our bunching analyses, we first consider different forms of estimating the counterfactual: 833 

(a)  We construct the counterfactual using multiple levels of polynomial and find our results 834 

remain substantially unchanged (SI Figure A10). 835 

(b)  We test a wider range of bins around the threshold and find that if we include the 10 836 

percent bin, our estimates shrink slightly (from 5.70 to 4.95 percent) (SI Figure A11). 837 

(c)  We test whether our results are sensitive to which bin we exclude when constructing the 838 

counterfactual and find out results are unchanged (SI Figure A12). 839 

(d)  We test whether rounding is driving our results by testing whether we observe bunching 840 

for both the unrounded portion of sample A and sample A’ and find evidence for bunching at 841 

the 20% threshold for the 3+ throughout (SI Figures A13 - A14). 842 
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(e)  We test for bunching in a wider range of subsamples and find it across locations and 843 

periods (SI Figures A15 - A16). 844 

 845 
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Data Availability Statement 

The University of Texas at Austin’s Institutional Review Board approved the study protocol: 

Study00003367 “Accuracy of Food Security Classifications.” To maintain confidentiality, the 21 

key informant interviews with humanitarian actors knowledgeable about the IPC are not publicly 

available. 

 

For our quantitative empirical analyses, we primarily use IPC outcome data, including Phase 

Classification and Population estimates by IPC regional assessment unit, which is publicly 

available in the IPC Population Tracking Tool https://www.ipcinfo.org/ipc-country-

analysis/population-tracking-tool/en/ ). Due to privacy restrictions, we cannot share the 

underlying FSI data used in some of our analyses. These data are owned by each country 

engaging in IPC assessments and were provided to us, but we were not granted permission to 

share these data publicly. Therefore, we commit to sharing the data and code necessary to 

recreate all the materials in the main text and supplementary information, except for the 

underlying FSI data. Additional data used in the supplementary material are cited in the 

references. 

  

Code availability statement 

  

We share the code necessary to recreate all the materials or analysis results including figures 

and tables in the main text and supplementary information through a GitHub repository 

(https://github.com/mnmx0101/IPC_Paper.git ). For any inquiries regarding the code or data, 

contact Chungmann Kim at (ck24@illinois.edu). 

  

Materials & Correspondence 

  

Correspondence and requests for materials should be addressed to Erin Lentz 

(erinclentz@utexas.edu). 
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https://github.com/mnmx0101/IPC_Paper.git
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defined by the proportion of population in phase 3+ by FSI group 43 

 44 

5.  Limitations: Representativeness of Sample B (sub-sample with FSI)  45 

1) Table A5. Determinants of FSI availability: A logistic regression across 33 46 

countries   47 

 48 

6.  Robustness tests: Bunching analysis 49 

1) Polynomial choice 50 

i. Figure A10. Observed and estimated distributions of IPC assessments 51 

defined by proportion of population in phase 3+: 3, 5, 6, 7th polynomial 52 

counterfactual distributions 53 

2) Alternate selection of bins around the threshold 54 

i. Figure A11. Differences between observed and estimated frequencies of 55 

IPC assessments defined by the proportion of population in phase 3+ by 56 

5% bin 57 

3) Sensitivity to excluded bin 58 

i. Figure A12. Bunching analysis results: analyzing the impact of excluded 59 

bins  60 

4) Sample with unrounded population estimates 61 

i. Figure A13. Histograms of rounded and unrounded IPC assessments 62 

defined by the proportion of population in phase 3+ (%) 63 

ii. Figure A14. Histograms of rounded and unrounded IPC assessments 64 

defined by the proportion of population in phase 4+ (%) 65 

5) Subsample analysis: data groups and year specific distributions  66 

i. Figure A15. Observed and estimated distributions of IPC assessments 67 

defined by the proportion of population in phase 3+by available group of 68 

FSIs  69 

ii. Figure A16. Year-specific distribution of IPC assessments defined by the 70 

proportion of population in phase 3+ (%) 71 

 72 

   7. References 73 

 74 

 75 
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SI.1 Sampling process and summary statistics  76 

 77 

In Table A1., our data from Sample A and Sample A’ come from the IPC Population Tracking 78 

Tool (1), a platform that provides the public access to historical IPC population data for over 30 79 

different countries. Our sample includes all assessments available between 2017 and 2023, as 80 

of December 2023. In 2017, IPC assessments were available for 17 countries. By 2023, the 81 

number of countries undertaking IPC assessments had increased to 33, reflecting the 82 

expansion of the IPC to new countries during this period. The initial sample (including Sample A 83 

and Sample A’) consisted of 10,890 assessments. Of these, 9,394 used a decision rule to round 84 

the majority (>50%) of their IPC 3+ population estimates to the nearest 5% bin. For consistency, 85 

we analyze this subsample - Sample A in Table A1.  86 

Our data from Sample B is the sample of assessments conducted between 2017 and 2023, 87 

which included a portion of the population in 3+, and were available in the IPC’s Consolidated 88 

Data Tool (CDT), as of December 2023. Data are summarized at the assessment area level, not 89 

the household. The CDT is IPC's internal platform for collecting evidence for its consensus 90 

outcomes, providing access to Food Security Indicators (FSI), population estimates and 91 

information on contributing factors and humanitarian food assistance (HFA), when available. 92 

This includes information on the population share corresponding to each phase based on key 93 

FSI such as Food Consumption Score (FCS), Household Dietary Diversity Score (HDDS), 94 

Household Hunger Scale (HHS), reduced Coping Strategies Index (rCSI), and Livelihood 95 

Coping Strategies (LCS). FCS and HDDS reflect dietary quality while rCSI, HHS, and LCS 96 

reflect food insecurity experience and coping; correlations vary by FSI pair (2, 3). Each FSI has 97 

its own threshold for different phases as defined by the IPC Manual 3.1 (see IPC Technical 98 

Manual – protocol 2.2. (4)). We merge the Acute Food Insecurity (AFI) outcomes with 99 

underlying FSI outcomes from the CDT based on analysis date and area name. 100 

Disaggregating data from Table A1, Tables A2 and A3 provide country-specific summary 101 

statistics, including the count of Technical Working Group (TWG) meetings, phase 3+ 102 

population estimates in millions, total population figures, and the number of countries 103 

experiencing a phase 3 or higher level of food insecurity. They detail the latest and earliest year-104 

month assessments per country and average phase classifications and phase 3+ populations.  105 

The IPC Technical Manual’s Reference Table (4) indicates a classification for each individual 106 

FSI. We find that the underlying FSIs do not consistently point to the same classification or to 107 

the same population figures, making the convergence of evidence process by the TWGs 108 

challenging. Approximately 40% of observations that are deemed to be in phase 2 or 3 by 109 

TWGs have underlying FSIs that imply phases of up to 2 levels of difference or population 110 

estimates that vary widely across FSIs.  111 

 112 

In Table A4, we present summary statistics by county and round by FSI availability group, using 113 

the same approaches described for Table A3. For example, in the March 2021 assessment for 114 

Afghanistan, the population experiencing acute food insecurity (3+) consistent with rCSI was 115 

15% while for FCS it was 77%. These measures capture coping strategies and dietary quality, 116 

underscoring the multidimensionality of food insecurity. 117 

https://www.ipcinfo.org/fileadmin/user_upload/ipcinfo/manual/IPC_Technical_Manual_3_Final.pdf


4 
 

 118 

 119 

Figure A1 shows pairwise correlations of the share of populations in 3+ by FSI.  Vaitla et al. (3) 120 

compared several food security indicators across multiple countries. They find FCS and HDDS 121 

are well correlated, reflecting that they are often based on the same suite of questions; rCSI and 122 

HHS are closely related at the household level. Thus, these pairs of indicators should provide 123 

similar information to TWGs and should be somewhat substitutable. We present Pearson 124 

correlations of the percent of the population in phase 3+ for pairs of FSIs.  In Figure A1, we 125 

show results for the sample with five FSIs (HDDS, FCS, HHS, rCSI, and LCS n=600).  We find 126 

that the highest correlation, 0.53, is between the percents of population in Phase 3+ for HDDS 127 

and FCS, two indicators that are correlated by construction. Other correlation pairs are relatively 128 

low. We lack access to the raw data and we are therefore not able to determine the drivers of 129 

the weak correlations. The weak correlations might be attributable to issues related to data 130 

collection, cleaning, or computation of the food security indicators. These processes all occur 131 

before the IPC TWG work. It is also possible that relationships among FSIs for populations in 132 

Phase 3 or above could be highly context dependent.  133 

 134 

In sum, our findings show that the appropriate phase classification and population are not 135 

obvious or mechanical, underscoring the motivation for a consensus-based approach. 136 

 137 
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Table A1: Description of the samples 138 

 139 

 
Year 

Coverage 

# of 

countries 

# of TWG 

meetings 

# of 

assessments 

# of area 

assessments 

in urgent 

need (3+) 

# of total 

estimated 

population 

(M) 

# of 

estimated 

population 

in urgent 

need (M) 

Sample A (Full sample) – 

majority is rounded 

2017.01 – 

2023.10 33 172 9394 6362 2803.97 730.72 

Sample A’ (Full sample) – 

majority is not-rounded 

2017.01 – 

2023.03 20 45 1496 490 461.17 70.42 

Sample B (Sub-sample with 

underlying FSIs available) 

2020.10 – 

2022-11 15 27 1849 1388 743.34 226.88 

Caption: The IPC manual allows reporting of unrounded population estimates (%) or rounded estimates to the nearest 5%. Using the IPC 140 
population tracker data (as of Dec/02/2023) with 10,890 entries, we segmented our sample into rounded and unrounded samples depending on 141 
whether more than 50% of assessments per country and year-month had rounded their proportion of population assessed to be in phase 3+. For 142 
example, Afghanistan’s November 2017 assessment had 12 out of 23 assessments that were not rounded and is therefore categorized into 143 
Sample A’. Additionally, we created Sample B, which includes data with assessment area -specific food security indicators. Finally, IPC analyses 144 
report the 'Tri-National Border Region' (El Salvador, Guatemala, and Honduras) separately, which we treat as a 33rd “country.” 145 
 146 
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 147 

Table A2. Summary statistics by country: Sample A 148 

Country 

# of 

TWG 

meetings 

# of 

classifications 

# of total 

population 

(million) 

# of 3+ 

classifications 

# of 3+ 

population 

(million) 

Latest report 

(Y-M) 

Earliest report 

(Y-M) 

IPC phase 

(mean) 

Phase 3+ 

population 

(mean) 

Afghanistan 11 462 387.30 420 146.33 2023-10 2017-08 3.04 38% 

Angola 1 17 2.67 16 1.32 2021-06 2021-06 3.29 55% 

Bangladesh 1 17 38.24 13 8.91 2023-03 2023-03 2.76 25% 

Burundi 11 88 126.37 10 16.53 2023-09 2017-04 2.10 13% 

Central African Republic 9 500 48.06 475 19.09 2023-09 2018-03 3.11 43% 

Congo, DRC 7 1033 593.62 668 156.58 2023-07 2018-08 2.69 25% 

Djibouti 3 45 3.48 22 0.54 2023-03 2020-10 2.49 23% 

Dominican Republic 1 32 10.62 6 1.55 2022-10 2022-10 2.16 16% 

El Salvador 3 25 10.64 1 0.90 2020-11 2017-11 1.76 8% 

Eswatini 8 57 8.74 31 1.83 2023-06 2017-07 2.49 21% 

Ethiopia 4 263 179.09 184 41.84 2021-05 2019-07 2.72 26% 

Guatemala 3 67 50.84 34 10.21 2022-03 2018-11 2.48 20% 

Haiti 6 184 56.68 175 23.33 2023-08 2018-10 3.11 41% 

Honduras 2 27 12.09 19 3.43 2020-12 2018-12 2.70 26% 

Kenya 9 219 140.73 79 23.03 2023-07 2019-07 2.27 18% 

LAC  

(Tri-National  

Border Region) 2 11 0.84 1 0.13 2020-10 2018-02 1.91 8% 
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Lebanon 3 165 16.51 113 4.45 2023-10 2022-09 2.68 27% 

Lesotho 6 60 8.85 29 1.70 2023-07 2019-05 2.48 20% 

Madagascar 10 140 39.97 85 11.58 2023-07 2017-08 2.67 30% 

Malawi 6 192 112.05 23 12.36 2023-07 2020-07 2.00 11% 

Mozambique 8 509 108.24 144 12.51 2023-05 2017-06 2.05 13% 

Namibia 5 70 12.66 43 2.46 2023-07 2019-10 2.61 20% 

Pakistan 6 149 100.80 137 29.21 2023-04 2018-10 2.96 32% 

Somalia 5 1731 84.21 1098 23.61 2023-08 2022-07 2.65 27% 

South Africa 1 34 59.13 9 9.34 2020-09 2020-09 2.26 16% 

South Sudan 10 774 116.05 689 57.64 2023-09 2017-01 3.16 49% 

Sudan 4 744 188.23 510 43.44 2023-06 2020-06 2.74 25% 

Tanzania 4 68 19.59 21 2.65 2022-10 2017-07 2.31 14% 

Timor-Leste 1 14 1.34 11 0.30 2022-11 2022-11 2.79 24% 

Uganda 8 140 98.06 95 8.75 2023-08 2017-01 2.61 24% 

Yemen 5 946 79.72 844 35.88 2023-01 2018-12 3.05 43% 

Zambia 5 371 50.27 149 7.20 2023-08 2019-05 2.39 17% 

Zimbabwe 4 240 38.25 208 12.13 2020-10 2019-02 2.90 31% 

Caption: The table provides a country-specific summary statistic of Sample A as described in Table A1. All percentage figures are rounded to zero 149 

decimal places.  150 
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Table A3. Summary statistics by country: Sample B from Table A1 151 

 152 

 

# of 

TWGs 

meetings 

# of 

assess

ments 

# of 

total 

populati

on 

(million) 

# of 3+ 

classific

ations 

# of 3+ 

populati

on 

(million) 

Latest 

report 

(Y-M) 

 

Earliest 

report 

(Y-M) 

 

IPC 

phase 

(mean) 

IPC 3+ 

population 

(mean) 

FCS 3+ 

population 

(mean) 

rCSI 3+ 

population 

(mean) 

HHS 3+ 

population 

(mean) 

LCS 3+ 

population 

(mean) 

HDDS 3+  

population 

(mean) 

Afghanistan 4 180 169.89 176 72.51 

2022-

03 

2021-

09 3.24 42% 79% 22% 39% 59% 51% 

Central 

African 

Republic 3 191 15.20 191 6.35 

2022-

09 

2021-

04 3.12 44% 46% 28% 79% 76% . 

Congo, DRC 3 529 299.17 346 80.28 

2022-

08 

2021-

02 2.67 25% 57% 17% 43% 45% 38% 

Djibouti 1 15 1.18 6 0.13 

2022-

03 

2022-

03 2.40 19% 34% 5% . 12% 25% 

Ethiopia 1 13 8.81 13 5.43 

2021-

05 

2021-

05 3.54 60% 72% 57% 61% 91% . 

Guatemala 1 22 17.36 14 3.93 

2022-

03 

2022-

03 2.64 22% 27% 10% . 43% . 

Haiti 1 32 9.91 32 4.33 

2021-

09 

2021-

09 3.16 44% 55% 27% 28% 53% 71% 

Kenya 2 46 30.57 10 3.57 

2021-

09 

2021-

02 2.09 12% 31% 10% . 16% . 

Lebanon 1 52 5.36 41 1.99 

2022-

09 

2022-

09 2.79 37% 51% 47% . 72% 94% 

Madagascar 3 47 14.16 39 5.05 

2022-

04 

2022-

11 2.94 37% 73% 49% 37% 47% 35% 

Mozambique 1 62 14.02 17 1.82 

2021-

11 

2021-

11 2.25 20% 22% 16% . 15% 31% 

Pakistan 2 44 33.33 40 8.48 

2021-

10 

2021-

03 2.91 26% 61% 12% . 44% 22% 

South Sudan 1 77 12.37 75 6.63 2022- 2022- 3.39 53% 79% 29% 72% 64% 64% 
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10 10 

Sudan 2 358 90.98 210 16.44 

2022-

05 

2021-

04 2.60 20% 20% 5% . 38% . 

Yemen 1 181 21.02 178 9.94 

2020-

10 

2020-

10 3.29 50% 46% 38% 33% 61% 25% 

 153 

Caption: The table provides a country-specific summary statistics of sample B as described in Table A1. All percentage figures are rounded to 154 

zero decimal places.  155 

  156 
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Table A4: Country-round summary statistics by FSI data group: Sample B from Table A1. 157 

TWGs meetings 

# of 

assessments 

# of total 

populatio

n 

(million) 

Latest 

report 

(Y-M) 

Earliest 

report 

(Y-M) 

IPC 

phase 

(mean) 

# of 3+ 

popula

tion 

(million

) 

IPC 3+ 

population 

(mean) 

FCS 3+ 

population 

(mean) 

rCSI 3+ 

population 

(mean) 

HHS 3+ 

population 

(mean) 

LCS 3+ 

population 

(mean) 

HDDS 3+ 

population 

(mean) 

Group1: FCS-RCSI-HHS-LCS-HDDS 

Afghanistan | 2021-03 45 34.68 2021-03 2021-03 3.02 12.03 34% 77% 15% 31% 52% 33% 

Afghanistan | 2021-09 45 45.64 2021-09 2021-09 3.47 21.52 47% 75% 25% 39% 58% 69% 

Afghanistan | 2022-03 45 42.43 2022-03 2022-03 3.40 20.07 47% 90% 26% 52% 68% 56% 

Afghanistan | 2022-09 45 47.13 2022-09 2022-09 3.07 18.89 40% 76% 21% 34% 59% 43% 

Congo, DRC | 2021-09 179 102.26 2021-09 2021-09 2.71 27.02 26% 60% 18% 41% 47% 47% 

Haiti | 2021-09 32 9.91 2021-09 2021-09 3.16 3.93 44% 55% 27% 28% 53% 71% 

Madagascar | 2021-05 10 2.68 2021-05 2021-05 3.30 1.14 44% 76% 55% 62% 73% 19% 

Madagascar | 2022-04 16 5.25 2022-04 2022-04 2.75 1.68 33% 70% 59% 38% 47% 44% 

Madagascar | 2022-11 21 6.23 2022-11 2022-11 2.90 2.23 36% 75% 39% 24% 35% 35% 

South Sudan | 2022-10 77 12.37 2022-10 2022-10 3.39 6.63 53% 78% 29% 72% 64% 64% 

Yemen | 2020-10 181 21.02 2020-10 2020-10 3.29 9.94 50% 46% 38% 34% 61% 24% 
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Group2: FCS-RCSI-HHS-LCS 

Central African Republic 

| 2021-04 65 4.74 2021-04 2021-04 3.05 1.93 40% 45% 10% 78% 74% . 

Central African Republic 

| 2021-09 62 4.71 2021-09 2021-09 3.11 1.96 45% 45% 41% 80% 75% . 

Central African Republic 

| 2022-09 64 5.74 2022-09 2022-09 3.19 2.46 47% 47% 34% 81% 79% . 

Congo, DRC | 2022-08 184 102.30 2022-08 2022-08 2.66 26.23 25% 61% 16% 43% 43% . 

Ethiopia | 2021-05 13 8.81 2021-05 2021-05 3.54 5.43 60% 72% 57% 61% 92% . 

Group3: FCS-RCSI-LCS-HDDS 

Congo, DRC | 2021-02 166 94.62 2021-02 2021-02 2.65 27.03 26% 50% 17% 48% 46% 31% 

Djibouti | 2022-03 15 1.18 2022-03 2022-03 2.40 0.13 19% 33% 4% . 12% 24% 

Mozambique | 2021-11 62 14.02 2021-11 2021-11 2.25 1.82 20% 22% 16% . 15% 31% 

Pakistan | 2021-10 25 18.59 2021-10 2021-10 2.88 4.66 26% 58% 13% . 49% 22% 

Group4: FCS-RCSI-LCS 

Guatemala | 2022-03 22 17.36 2022-03 2022-03 2.64 3.93 22% 26% 10% . 43% . 

Kenya | 2021-02 23 15.41 2021-02 2021-02 1.96 1.43 10% 30% 5% . 16% . 

Kenya | 2021-09 23 15.15 2021-09 2021-09 2.22 2.15 15% 32% 13% . 16% . 
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Lebanon | 2022-09 52 5.36 2022-09 2022-09 2.79 1.99 37% 51% 47% . 72% 94% 

Pakistan | 2021-03 19 14.75 2021-03 2021-03 2.95 3.82 26% 65% 12% . 37% . 

Sudan | 2021-04 179 44.92 2021-04 2021-04 2.46 7.15 17% 17% 4% . 33% . 

Sudan | 2022-05 179 46.06 2022-05 2022-05 2.73 9.28 23% 23% 4% . 43% . 

Caption: This table presents summary statistics for Sample B from Table A1, disaggregated by the relative availability of five Food Security 158 

Indicators (FSIs)—FCS, rCSI, HHS, LCS, and HDDS—across countries and rounds used in the TWG analysis. Each TWG analysis is assigned to 159 

an FSI group based on whether more than 50% of assessed areas include a given indicator. For example, Congo, DRC (2021-02) and Lebanon 160 

(2022-09) are categorized into Group 3: FCS–rCSI–LCS–HDDS and Group 4: FCS–rCSI–LCS, respectively. Mean values for HHS and HDDS are 161 

still reported even when they are not part of the group, provided that some subsample (less than 50%) includes records for those indicators.162 
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 163 

Figure A1. Correlation Matrix: FSI implied 3+ population (%) for sample with data group 1 (All-5-164 

FSI) 165 

 166 

 167 
  168 

Caption: This figure presents a Pearson correlation matrix illustrating the relationships among the share 169 

of the population assessed to be in phase 3+ based on various FSI such as HHS, rCSI, FCS, LCS, and 170 

HDDS. The analysis specifically focuses on the sample of analyses for data group 1, which has all 5 FSIs 171 

(All-5-FSI sample, n = 600). 172 
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 173 

 174 

SI.2 Subsample bunching analysis: Afghanistan 175 

The bottom panel in Figure 2 in the main text extends our analysis beyond the pooled sample 176 

(top panel in Figure 2), showing that the bunching is prevalent across multiple countries. This 177 

exhibit distribution patterns similar to those observed in our pooled sample (the top panel in 178 

Figure 2, underscoring the consistency of the bunching in diverse contexts.  179 

We further extended our analysis to examine consistency in findings over several rounds within 180 

a country, Afghanistan in Figure A2. This figure shows that in Afghanistan, bunching occurs 181 

more frequently prior to September of 2021 (2021-09), likely in part reflecting a deteriorating 182 

situation following the Islamic Republic takeover in 2021. 183 
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Figure A2. Round specific observed and estimated distributions of IPC assessments defined by 184 

the proportion of population in phase 3+ for Afghanistan 185 

 186 

 187 
Caption: This figure shows a comparative distributional analysis of the proportion of population in phase 188 

3+ by assessment round in Afghanistan. Each subplot combines observed frequencies of 3+ population 189 

(red stars) and estimated frequencies (4th polynomial fitting by 5% bin) with 95% confidence intervals. 190 

We employ the same bin exclusion strategy used to calculate estimated frequencies 1 from Figure 2 in 191 

the main text. We enforce a non-negativity constraint to prevent frequency estimates from becoming 192 

negative (n = 394). 193 

 194 

Note: The smaller number of samples or regions in August 2019 is due to TWG's implementation of a 195 

distinction between urban and non-urban areas in certain regions starting from 2020. These 11 regions 196 

include 'Baghlan', 'Balkh', 'Faryab', 'Helmand', 'Hirat', 'Jawzjan', 'Kabul', 'Kandahar', 'Kunduz', 'Nangarhar', 197 

and 'Takhar'. 198 
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 199 

SI.3 Analysis using food security indicators (FSI) 200 

1) Alternative FSI-based population estimates 201 

Our preferred approach is to compare the IPC population outcomes to the population estimates 202 

derived from the arithmetic mean of the five FSIs. This approach assumes each FSI is equally 203 

valuable for TWGs. In this section, we construct a counterfactual using an OLS regression in 204 

which the IPC 3+ population share is modeled as a linear function of the available FSIs. 205 

Predicted values are then computed using the estimated coefficients. By visual inspection, we 206 

see that the line representing the population predicted by FSI 3+ values has lower variance than 207 

either the consensus-based 3+ or average of FSI 3+ estimates. This is as one would expect 208 

with regression to the mean. Across the four data groups, consistent with findings for the 209 

average of the FSI 3+ estimates, we also do not observe the bunching pattern near the 20% 210 

threshold that we observe for the consensus-based 3+ estimates. The absence of bunching in 211 

model-based estimates further suggests that the consensus process is sensitive to the 212 

administratively imposed 20% threshold that serves as a key criterion for classifying areas as 213 

being in urgent need of assistance.  214 

 215 

 216 

Figure A3. Comparisons of distributions of IPC assessments defined by proportion of population 217 

in phase 3+ (observed vs counterfactuals) 218 
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 219 
Caption: This figure presents gaussian kernel density estimates for four different distributions of 220 

population assessed in phase 3+: the percent of population assessed by the IPC technical working 221 

groups to be in phase 3+ (red line); the counterfactual distribution of the estimated percent of population 222 

assessed to be in phase 3+ using the average of underlying food security indicators (FSI) (gray line); the 223 

counterfactual distribution of the estimated percent of population assessed to be in phase 3+ using the 224 

worst underlying FSI 3+ (purple line); and a counterfactual estimate generated using an OLS regression 225 

model that predicts IPC Phase 3+ population percentages as a function of the available FSIs (yellow line). 226 

Each panel uses a sample based on different combinations of FSIs, (combinations of: food consumption 227 

scores (FCS); reduced coping strategies index (RCSI); household hunger scale (HHS); livelihoods coping 228 

strategy (LCS); and household dietary diversity score (HDDS)) reflecting the fact that available FSIs tend 229 

to vary across assessment areas. The 20% threshold between phase 2 and phase 3 is illustrated by a 230 

vertical black dashed line (n = 1849). 231 

 232 

2) Stochastic dominance and comparison of distributions of population assessed in 233 

phase 3+ 234 

We employ the Barrett and Donald (BD) test to examine first-order stochastic dominance 235 

between consensus-based and counterfactual 3+ population distributions (5). This non-236 

parametric test method allows for the assessment of stochastic dominance without the need to 237 

make specific distributional assumptions (6). We first calculate the empirical cumulative 238 

distribution functions (ECDFs for the different distributions). The test statistic is then derived as 239 
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the supremum of the absolute difference between these ECDFs across the entire support of the 240 

distributions. Critical values for the test are estimated using bootstrap resampling techniques, 241 

where pseudo-samples are generated from the pooled original samples to construct the 242 

empirical distribution of the test statistic under the null hypothesis. The null hypothesis of no 243 

stochastic dominance is rejected if the observed test statistic exceeds the critical value, 244 

indicating that one distribution first-order stochastically dominates the other. 245 

 246 

To visually compare the distributions of the population estimated using the arithmetic mean of 247 

FSIs and the worst food security level suggested by the FSIs, we plot the distributions of each in 248 

Figure A4. As can be observed, both the estimated distributions using the underlying FSI data 249 

are to the right of the observed distribution, suggesting that a larger fraction of people would be 250 

assessed as being food insecure under these alternative measures.  251 

Figure A4: Comparisons of cumulative distributions of IPC assessments defined by proportion of 252 

population in phase 3+ (observed vs counterfactual) 253 

254 

  255 

Caption: The 2x2 figure illustrates the cumulative distributions of IPC classifications derived from 256 
gaussian kernel density estimates across four unique groups of assessments categorized by the set of 257 
available FSIs, comparing consensus-based 3+ population to two hypothetical scenarios: one using the 258 
arithmetic mean of FSI 3+ and the other using worst-case FSI 3+ population. The "+" signs indicate 259 
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significant disparities between the consensus-based CDF and those from alternative scenarios as 260 
determined by Barrett and Donald’s method for testing for first-order stochastic dominance, suggesting 261 
the counterfactual distributions first-order stochastically dominate the consensus-based distribution. 262 
These differences are statistically significant at the 1% level (n = 1849). 263 
 264 
 265 

3) IPC Undercount and Overcount relative to FSI mean 266 

In Figure A5, we illustrate the number of assessments that area reflect overcounting versus 267 

undercounting by country. As can be seen, overcounting is more prevalent than undercounting 268 

in most countries, with the exception of Djibouti and Yemen. Figure A6 presents the same data 269 

by country and round. 270 

 271 

Figure A5. IPC Undercount and Overcount relative to FSI mean by country 272 

 273 

 274 

Caption: This figure presents a horizontal bar chart comparing the percentage of IPC assessments that 275 
are either undercounted or overcounted relative to the FSI mean for Phase 3+ population estimates 276 
across different countries and rounds. Each country is listed on the y-axis. Blue bars, indicating IPC 277 
undercounts, extend leftward to show the percentage of IPC assessments for consensus-based 3+ 278 
population estimates that fall below the FSI 3+ mean. Conversely, the tan bars represent IPC overcounts, 279 
stretching rightward to show the percentage of IPC assessments for Phase 3+ estimates that exceed the 280 
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FSI mean. The zero percent mark serves as the baseline from which deviations are measured. Note, we 281 
exclude one round of assessments from Haiti (2022-09) because it has a unique combination of FSI data. 282 

Figure A6. IPC Undercount and Overcount relative to FSI mean by country-by-round 283 

 284 

 285 

Caption: This figure presents a horizontal bar chart comparing the percentage of IPC assessments that 286 
are either undercounted or overcounted relative to the FSI mean for Phase 3+ population estimates 287 
across different countries and rounds. Each country is listed on the y-axis. Blue bars, indicating IPC 288 
undercounts, extend leftward to show the percentage of IPC assessments for consensus-based 3+ 289 
population estimates that fall below the FSI 3+ mean. Conversely, the tan bars represent IPC overcounts, 290 
stretching rightward to show the percentage of IPC assessments for Phase 3+ estimates that exceed the 291 
FSI mean. The zero percent mark serves as the baseline from which deviations are measured. 292 

  293 
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SI.4 Examining possible mechanisms  294 

1) Case study: Humanitarian food assistance in Afghanistan 295 

One possible driver of our results is that the TWG may take future influxes of aid into account, 296 

and adjust their assessments downwards in response. We explore this hypothesis for one 297 

country with robust data: Afghanistan. We conduct a regression analysis to examine the 298 

direction of the discrepancy between consensus-based population estimates and FSI-implied 299 

population estimates. We specifically estimate the effect of Humanitarian Food Assistance 300 

(HFA) on the value of the discrepancy. Information on HFA is from the Consolidated Data Tool 301 

(CDT), a repository where IPC compiles evidence supporting its consensus outcomes.  302 

 303 

We plot the deviation between the consensus-based versus the average FSI-based estimate of 304 

the percent of population in phase 3+ on HFA (see Figure A7). We find that the presence of 305 

HFA is correlated with a slight decrease in the consensus-based estimates, but that this effect is 306 

not significantly different from zero at the  ten percent level.  307 

Figure A7. Relationship between the HFA and the Difference in Consensus-Based and FSI 308 

implied 3+ Population Estimates (%) 309 

 310 
Caption: This scatter plot with a regression line illustrates the relationship between HFA (%) and the 311 

difference in consensus-based 3+ (%) and the arithmetic mean of FSI implied 3+ population estimates 312 
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(%). Each point represents the deviation of the FSI implied 3+ (%) from the consensus-based 3+ (%) for a 313 

given HFA Total, highlighting the trend with a red linear regression line (n=180).  314 

 315 

Note: HFA Total (%) is determined by multiplying the percent of the population that received humanitarian 316 

aid by the fraction of caloric needs that the humanitarian assistance, particularly food aid, fulfills for that 317 

population. For instance, if in certain areas 50 percent of households fulfill 50 percent of their caloric 318 

needs through humanitarian food assistance, we would assign a value of 25 percent as the HFA total (%) 319 

for those areas. 320 

2) Examining bunching in population estimates of more severe food insecurity (IPC 321 

Phase 4+)  322 

We also test for undercounting at the threshold of phase 4+, illustrated in Figure A8. We did not 323 

find indication of undercounting for the category of 4+. While all FSI have FSI-specific 324 

thresholds that differentiate between phases 2 and 3, fewer food security indicators have 325 

thresholds that can differentiate between phases 3 and 4 and between phases 4 and 5. For 326 

example, in the available data, the reduced Coping Strategies Index cannot differentiate 327 

between phases 3 and 4. Reducing the number of viable indicators to consider may contribute 328 

to decreased bunching. This is worth more investigation.  329 

Figure A8. Observed and estimated distributions of IPC assessments defined by the proportion 330 

of population in phase 4+: 4, 5, 6, 7th polynomial counterfactual. 331 

4th 5th 

  

6th 7th  
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Caption: Above figures present distributional comparisons of 4+ population (%) based on different bin 332 

exclusion strategies around the threshold using bootstrapping. We apply alternative polynomial fits, 333 

specifically 4th, 5th, 6th, and 7th degree polynomials. We enforce non-negativity constraints to prevent 334 

frequency estimates from becoming negative for the entire analysis. For each subplot, the first set of 335 

estimated frequencies and their 95% confidence intervals, illustrated in circle markers and blue solid line, 336 

is derived by excluding bins in the range [-5%,15%] sequentially, aggregating coefficients across four 337 

different scenarios for each bin. The second set of estimated frequencies and 95% confidence intervals, 338 

illustrated in triangle markers and yellow dot-dashed line, is generated without excluding any bins. The 339 

third set of estimated frequencies and 95% confidence intervals, illustrated in square markers and green 340 

dotted line, excludes all bins in the range [-5%, 15%] simultaneously and extrapolates across the entire 341 

distribution. Red stars illustrate the observed frequencies of IPC assessments, and a vertical black dotted 342 

line indicates 20% population threshold, where a sub-national zone being assessed moves from being 343 

classified as phase 3 (“crisis”) to being classified as phase 4 (“emergency”) (n =9394). 344 

 345 

3) Results of sequentially removing one FSI by FSI grouping 346 

To assess whether any single FSI has an outsize influence on the results, we ran Monte Carlo 347 

simulations for four separate groups of indicators using the available FSI dataset. We omit one 348 

FSI from the average calculation of FSI-implied population estimates and determine whether 349 

doing so would significantly affect our findings. The results presented in Figure A9 suggest that 350 

removing any single FSI does not affect our conclusions.  351 

 352 

In fact, we observe that removing some FSIs results in a large shift of the distribution further to 353 

the right, suggesting much higher percentages of population in phase 3+ than reported. Using 354 

the average of the Monte Carlo simulated FSI-implied population (minus one FSI) estimates as 355 

counterfactual distributions remains more right-shifted compared to the observed distribution. 356 

This outcome is consistent across various FSI exclusion scenarios and among different groups. 357 

The one possible exception is removing LCS for the group of countries with only 3 FSIs. 358 



24 
 

Figure A9. Monte-Carlo simulation results: analyzing the impact of excluding any one FSI on the 359 

estimated distribution of IPC assessments defined by the proportion of population in phase 3+ 360 

by FSI group 361 
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 362 

Caption: These figures illustrate a series of simulations for four distinct groupings of available indicators in 363 

the FSI dataset, accompanied by a 10th-degree polynomial curve that represents the observed 364 

distribution of the IPC assessments defined by the proportion of population in phase 3+, marked as a red 365 

bold line. The simulations are run by sequentially excluding one FSI at a time, with each exclusion 366 

represented by differently colored dashed lines in the legend: blue for FCS, orange for rCSI, sky blue for 367 

HHS, vermilion for LCS, yellow for HDDS, and black representing the average of all simulations. These 368 

simulations use 4th-degree polynomial fitting to analyze the data at 5% bin intervals. A black vertical 369 

dotted line at the 20% mark is a threshold where classifications shift from phase 2 to 3. This visualization 370 

allows readers to observe the impact of excluding certain FSIs on the overall distribution of the population 371 

in phase 3+. In our simulations, we enforce a non-negativity constraint to prevent frequency estimates 372 

from becoming negative (n = 1849). 373 

 374 

 375 

SI.5 Limitation: 376 

1) Representativeness of FSI available sample (Sample B in Table A1) 377 

 378 

Because we only observe FSI data for a subset of our assessments, we investigate the 379 

generalizability of our results from the FSI analyses by evaluating whether we observe 380 

systematic differences between the samples with and without FSI data (sample B versus 381 

sample A from Table A1 in the main text). We employ a logistic regression to explore if and how 382 

various country-level characteristics —including GDP, measured in purchasing power parity (7), 383 
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ln(conflict-related fatalities) (8), democratic measures (9), ln(average population) (10), and the 384 

average phase classification at the country level— predict the likelihood of a country having 385 

underlying FSI information (1 if a country has FSI information, 0 otherwise). We find that 386 

locations are generally similar across these dimensions, with the notable distinction being higher 387 

conflict-related fatalities observed in areas with FSI data. 388 

Table A5. Determinants of FSI availability: A logistic regression across 33 countries 389 

 Coef. Std. Err. z P>|z| 

Constant -3.48 8.68 -0.40 0.69 

ln(Fatalities) 0.77 0.35 2.22 0.03 

Democracy index -0.17 0.36 -0.46 0.64 

ln(GDP) 0.04 0.64 0.07 0.95 

ln(Population) -0.25 0.45 -0.55 0.58 

Overall phase 1.23 1.11 1.11 0.27 

 390 

Caption: This presents logistic regression analysis results that examine the influence of various factors on 391 

the availability of food security indicator data (1 if FSI available and 0 otherwise). IPC analyses 392 

periodically report the 'Tri-National Region' (El Salvador, Guatemala, and Honduras) collectively, which 393 

we treat as a 33rd “country.”   394 
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SI.6 Robustness Tests: Bunching Analysis 395 

We examine five robustness tests for our bunching analysis, including examining (1) polynomial 396 

choice, (2) alternate selection of bins around the threshold, (3) sensitivity to the excluded bin, 397 

(4) sample with unrounded population estimates, and (5) subsample analysis. 398 

1) Polynomial choice 399 

For bunching, we test specifications using multiple polynomial levels to construct alternative 400 

counterfactual distributions (Figure A10).  401 

Figure A10. Observed and estimated distributions of IPC assessments defined by proportion of 402 

population in phase 3+: 3, 5, 6, 7th polynomial counterfactual distributions 403 

3rd Polynomial 
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5tth Polynomial 
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6th Polynomial 
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7th Polynomial 

 
Caption: Above figures present distributional comparisons of 3+ population (%) based on different bin 404 
exclusion strategies around the threshold using bootstrapping. Unlike Figure 2, where we used a 4th 405 
degree polynomial fit, here we apply alternative polynomial fits, specifically 3rd, 5th, 6th, and 7th degree 406 
polynomials. We enforce non-negativity constraints to prevent frequency estimates from becoming 407 
negative for the entire analysis. For each subplot, the first set of estimated frequencies and their 95% 408 
confidence intervals, illustrated in circle markers and blue solid line, is derived by excluding bins in the 409 
range [15%, 30%] sequentially, aggregating coefficients across four different scenarios for each bin. The 410 
second set of estimated frequencies and 95% confidence intervals, illustrated in triangle markers and 411 
yellow dot-dashed line, is generated without excluding any bins. The third set of estimated frequencies 412 
and 95% confidence intervals, illustrated in square markers and green dotted line, excludes all bins in the 413 
range [15%, 30%] simultaneously and extrapolates across the entire distribution. Red stars illustrate the 414 
observed frequencies of IPC assessments, and a vertical black dotted line indicates 20% population 415 
threshold, where a sub-national zone being assessed moves from being classified as phase 2 416 
(“stressed”) to being classified as phase 3 (“crisis”) (n =9394). 417 
 418 
The second panel of each subplot presents the difference between the observed and estimated 419 
frequencies at different phase 3+ population bins [15%, 30%], using the approach by Chetty et al. (11) 420 
and Allen et al. (12). These differences are generated from estimated frequencies from the upper panel of 421 
Figure 2. Values on each bar are the excess mass (i.e., observed - estimated frequency). Values in 422 
parentheses represent the excess mass as a percent of the estimated frequency (i.e., (observed - 423 
estimated frequency) / estimated frequency).  424 
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2) Alternate selection of the bins around the threshold 425 

Second, we consider a wider range of bins around the threshold. The method we use to 426 

estimate our counterfactual smooths the estimates around any particular bin close to the 427 

threshold, thus it includes increasing the expected number of assessments in the bins on both 428 

sides of the 15 % bin. We observe suggestive undercounting just below the 15% bin as well as 429 

above the threshold of 20%. This effect can be seen in Figure A11 which illustrates the excess 430 

mass across all 5% level bins ranging from 0% to 100%. This undercounting may be an artifact 431 

of the mass point at 15% or might stem from the TWG being indifferent between a classification 432 

of either 10% or 15%, given that both of these bins result in a classification of Phase 2 (i.e., 433 

‘stressed’ and not in Phase 3 ‘crisis’).  434 

Figure A11. Differences between observed and estimated frequencies of IPC assessments 435 

defined by the proportion of population in phase 3+ by 5% bin 436 

437 
  438 
Caption: We present the difference between the observed and estimated number of assessments across 439 

all 5% bins. These differences are generated from estimated frequencies (1) from the top panel of Figure 440 

2. Values on each bar are the excess mass (i.e., observed – estimated frequency). Values in parentheses 441 

represent the excess mass as a percent of the estimated frequency (i.e., (observed – estimated 442 

frequency) / estimated frequency). The data come from our full sample of assessments (n = 9394). 443 

3) Sensitivity to the excluded bin 444 

We conducted multiple simulations to test the robustness of our findings by excluding one bin at 445 

a time. Each simulation excluded a specific bin within the range of [15%, 30%] to generate a 446 

distinct set of coefficients using a 4th-degree polynomial fit. Our results show consistency: the 447 

variance across these simulations is minimal when different bins are excluded. This implies that 448 

the bunching is not sensitive to the exclusion of any particular bin in this range except for when 449 

15% bin is excluded. 450 
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Figure A12. Bunching analysis results: analyzing the impact of excluded bins 451 

 452 

Caption: This figure illustrates the results of a bunching analysis using the proportion of population in 453 

phase 3+. Each simulation excludes a specific midpoint percentage (15%, 20%, 25%, 30%) from the 454 

analysis. For each estimation, a 4th-degree polynomial fitting is applied to the 5% binned data, and the 455 

mean coefficients are calculated. These polynomial lines are represented with colors and patterns to 456 

distinguish each excluded midpoint: 15% is gray and solid, 20% is green and dashed, 25% is red and 457 

dotted, and 30% is blue and dash-dotted. A black bold dashed line shows the averaged effect across all 458 

simulations, and a black dotted vertical line at the 20% mark serves as a reference point. 459 

4) Sample with unrounded population estimates 460 

In the context of bunching analysis, one might be concerned that the presence of rounding in 461 

data reporting practices could inadvertently lead to artificial bunching. According to the IPC 462 

manual, population estimates (%) can be rounded to the nearest 5%. Using data from the IPC 463 

population tracker (accessed on 12/02/2023) comprising 10,890 observations, we refined our 464 

sample based on the criterion that a majority (>50%) of each subset is rounded to the nearest 465 

5%. For instance, in Afghanistan's August 2018 data, all 45 area assessments showed 3+ 466 

population estimates (%) rounded in the raw data, qualifying them to be in our primary sample 467 

(Sample A in Table A1). In contrast, the November 2017 data from Afghanistan, with only 11 out 468 

of 23 area assessments meeting this criterion, was excluded from our main sample. This 469 

criterion reduced our sample size from 10,890 to 9,394 observations. 470 
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The left panel of Figure A13 presents the distribution for the main sample (n=9,394). Notably, 471 

there is a substantial mass at the 15% bin, the category immediately below the critical 20% 472 

threshold, illustrated by the vertical black dashed line. We analyzed the distribution of the 473 

unrounded data and observed significant masses in the 17-19% range, just below the 20% 474 

threshold (right panel of Figure A13). This pattern suggests that the conservative reporting 475 

behavior around the threshold is not solely a consequence of the rounding process. 476 

 477 

Figure A13. Histograms of rounded and unrounded IPC assessments defined by the proportion 478 

of population in phase 3+ (%) 479 

 480 

Caption: This figure presents a comparison of two histograms depicting the distribution of the proportion 481 

of population in phase 3+. The left panel shows the full dataset (Sample A in Table A1), with data points 482 

color-coded to indicate whether they have been rounded to the nearest 5% (yellow for 'yes' and red for 483 

'no'). Both 15% and 20% thresholds are marked by vertical dashed black line and solid black line 484 

respectively. The right panel focuses specifically on the subset of Sample A that has not been rounded to 485 

the nearest 5%, showing the frequency of these unrounded assessment areas in red. 486 

 487 

Notably, when we consider the unrounded data in phase 4+, we do see some evidence of 488 

bunching just below the 20% threshold (see the left panel in Figure A13), which might suggest 489 

that bunching in the case of phase 4 is being masked by a combination of a smaller sample of 490 

observations combined with rounding. However, the unrounded data comprise a much smaller 491 

sample than the rounded data, so this evidence is suggestive only. 492 
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Figure A14. Histograms of rounded and unrounded IPC assessments defined by the proportion 493 

of population in phase 4+ (%) 494 

 495 

Caption: This figure presents a side-by-side comparison of two histograms depicting the distribution of the 496 

observed consensus-based 4+ population estimates (%). The left panel shows the full dataset (Sample A 497 

in Table A1), with data points color-coded to indicate whether they have been rounded to the nearest 5% 498 

(blue for 'yes' and green for 'no'). Both 15% and 20% thresholds are marked by vertical dashed black line 499 

and solid black line respectively. The right panel focuses specifically on the subset of data that are not 500 

been rounded to the nearest 5%, showing the frequency distribution of these unrounded assessment 501 

areas in green (n = 9394). 502 
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5) Subsample analysis: data groups and year specific distributions 503 

Figure A15. Observed and estimated distributions of IPC assessments defined by the proportion 504 

of population in phase 3+by available group of FSIs 505 

 506 

Caption: The figure provides a comparative distribution analysis of the population in phase 3+ across four 507 

groups with underlying FSI data. Each subplot combines observed frequencies of 3+ population (red 508 

stars) and estimated frequencies (4th polynomial fitting by 5% bin) with 95% confidence intervals. We 509 

employ the same bin exclusion strategy used to calculate estimated frequencies (1) from Figure 2 in the 510 

main text. The data comes from our Sample B in Table A1. Each panel uses a sample based on different 511 

combination of FSIs, reflecting the fact that available FSIs tend to vary across assessment areas. Lastly, 512 

we enforce a non-negativity constraint to prevent frequency estimates from becoming negative. (n = 513 

1849). 514 

 515 

Furthermore, our kernel density estimates of the 3+ population estimates (%) by year, reveal 516 

that the largest concentrations of observations are consistently found below the threshold, with 517 

the exception of 2017 when our sample is smallest, specifically in the range of [15%, 20%). This 518 

observation further substantiates our findings, indicating a widespread tendency for reports to 519 

cluster just below the 20% threshold across different time periods and geographical locations. 520 

These distributions are illustrated in Figure A16. 521 
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Figure A16. Year-specific distribution of IPC assessments defined by the proportion of 522 

population in phase 3+ (%) 523 

 524 

Caption: The figure illustrates gaussian kernel density estimates for the percent of population assessed 525 

by the IPC technical working groups to be in phase 3+ over seven consecutive years, from 2017 to 2023. 526 

Each year's distribution is represented by a distinct curve, which provides a visual comparison between 527 

the years. A dotted black line represents the 20% threshold that moves an assessment area to be in 528 

phase 2 (“stressed”) to phase 3 (“crisis”) (n = 9394). 529 
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