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Abstract

Nearly 50 million people globally have been internally displaced due to conflict, persecution,
and human rights violations. However, the study of internally displaced persons (IDPs) —
and the design of policies to assist them — is complicated by the fact that IDPs are often
missing or under-represented in traditional surveys and official statistics. This paper develops
a new approach to measuring the causal impact of violence on human displacement, based
on the analysis of anonymized high-frequency mobile phone data. We use these methods to
study the effect of violence on internal displacement in Afghanistan, the site of the longest
war in U.S. history. Our results quantify the short- and long-term impact of violence on
internal displacement, and highlight how displacement depends on the nature and location of
the violence. High-casualty events, and violence involving the Islamic State (as opposed to
the Taliban), cause the most displacement. We also highlight the important role of provincial
capitals in the ongoing conflict: these capitals are resilient to local violence, and act as magnets
for people fleeing violence in outlying areas.

Introduction1

Every year, tens of millions of individuals and families are forcibly displaced by armed conflict,2

creating enormous humanitarian, social, and economic costs [1, 2]. Recent estimates indicate that3

the number of people living in proximity to conflict has doubled since 2007; by 2030, as many as4

two thirds of the global extreme poor will be living in fragile and conflict-affected situations [3].5

Despite the global scale and significance of this crisis, empirical analysis of the link between violence6
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and displacement is complicated by the inherent difficulty of observing displaced populations — a7

difficulty that is compounded in developing countries and in insecure environments [3, 4].8

This paper develops and tests a new approach to studying the impact of violence on internal9

displacement. Our first contribution is methodological, and illustrates how high-frequency ‘digital10

trace’ data can enable new approaches to identifying and estimating the causal effect of violent11

events on internal displacement. We use a panel event study framework that is only possible12

because we observe the locations of millions of individuals near-continuously over time: the high-13

frequency data make it possible to draw causal inferences from discontinuities in spatiotemporal14

trajectories that coincide with specific violent events. Such an estimation strategy would not be15

feasible with traditional survey-based data, which track a relatively small number of individuals at16

very infrequent intervals. This complements recent qualitative [5, 6], survey-based [7, 8, 9], as well17

as observational studies [10, 11, 12] on conflict and displacement in the developing world. It also18

builds on recent work using non-traditional sources of digital data to study the movement of human19

populations [13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23].20

Our second contribution is to provide rich new evidence on the impact of violence on internal21

displacement in Afghanistan — a country that has experienced decades of conflict and which con-22

tains over two million internally displaced people [1]. We contribute a new quantitative perspective23

on the nature of this displacement, complementing more traditional approaches based on surveys24

and administrative reporting [24, 25, 26].25

Our analysis is based on the universe of mobile phone activity from Afghanistan’s largest mobile26

phone operator for a 4-year period from April 2013 to March 2017. This dataset contains the27

anonymized mobile phone metadata of approximately 10 million mobile subscribers (a non-random28

subset of all individuals in Afghanistan, as we discuss in greater detail below). We separately obtain29

geo-coded information on approximately six thousand fatal violent events in Afghanistan, which30

are collected by the Uppsala Conflict Data Program from public media reports [27]. The spatial31

distribution of mobile phone towers and violent events can be seen in Figure 1.32

The empirical approach we develop uses the mobile phone data to observe the movement of33

subscribers between regions, and a statistical model to estimate the causal effect of violence on this34

movement (see Materials and Methods for a detailed description). To summarize the main steps in35

this analysis: We first use metadata on the sequence of cell towers used by each mobile subscriber to36

identify each subscriber’s home district (the smallest administrative unit in Afghanistan). We then37

adapt recent algorithmic advances in the measurement of migration from digital trace data [28] to38

identify days on which the subscriber’s home district changes — we refer to this as a migration.139

These individual migration events are then aggregated to produce estimates of the total population40

1 The International Organization of Migration (IOM) defines migration as “the movement of persons away from
their place of usual residence, either across an international border or within a State” [29]. Our main analysis
focuses on migrations that involve a person leaving their origin district for at least a week, in an effort to maximize
recall.
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flows between districts on each day. Finally, we use a high-frequency panel event study design to41

estimate the causal effect of violence on migration, which we measure as the increase in movement42

of subscribers out of a district impacted by violence, relative to movement from the same district on43

non-violent days, while controlling for seasonality and other temporal factors. We will frequently44

refer to this excess migration caused by violence as displacement, though we acknowledge that this45

statistical notion of displacement is more specific than that used by international organizations.246

The results presented below illustrate the new perspective on internal displacement that can47

be achieved through the analysis of population-scale digital trace data. However, this approach48

has important limitations. Some of these we can address (as discussed in Materials and Methods),49

but others are more fundamental [20, 30, 31, 32, 33]. We discuss a few key limitations — such as50

issues of population representativity, data access, and privacy — in the Discussion section, after51

describing the empirical findings.52

Results53

Violence in Afghanistan causes internal displacement (Figure 2). Among subscribers who were54

present on the day of a violent event, there is an immediate and statistically significant increase in55

the likelihood of leaving the district (Figure 2A). This increase peaks roughly 10 days after violence,56

when the odds of being observed in a different district are 4% higher than in the absence of violence.57

Violence-induced displacement is persistent: even 120 days after the violent event, subscribers who58

were present for the event are roughly 2% more likely to still be outside of the district. We show59

that these results are robust to some potential data and modeling issues (Materials and Methods60

Section F).61

We also find evidence that displacement often anticipates violence. This is evident in Figure 2B62

shows the increase in the odds of an individual being in a different district relative to their location63

30 days prior (see “k-day displacement” in Materials and Methods). Roughly 5 days before violent64

events are reported in the media, subscribers start to leave the impact regions. In the Discussion,65

we consider several possible explanations for this unexpected result.66

The aggregate effects shown in Figure 2 mask substantial heterogeneity in how different types67

of violence cause different patterns of displacement. Most notably, violence involving the Islamic68

State (IS), while less frequent, causes significantly more displacement than violence involving the69

Taliban (Figure 3A). The difference is most pronounced in the immediate aftermath of the event,70

when the increase in displacement is 10 percentage points higher for violence involving IS. Such71

evidence is consistent with the fact that IS attacks are particularly brutal and frequently target72

2 For instance, the IOM defines displacement as “the movement of persons who have been forced or obliged to flee
or to leave their homes or places of habitual residence, in particular as a result of or in order to avoid the effects of
armed conflict, situations of generalized violence, violations of human rights or natural or human-made disasters.”
[29]
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civilians; the Taliban have condemned IS attacks as “heinous” [34, 35].73

High-casualty and high-frequency violence also have larger effects on displacement. Figure 3B74

shows that the highest casualty events (11 or more casualties, roughly equivalent to the 10% of75

events with the most casualties) cause more displacement at all periods following the event, relative76

to lower casualty events. Figure 3C indicates that violent events in regions that have recently77

experienced violence lead to more displacement than violence in regions that have experienced a78

period of relative peace. This result is perhaps surprising given prior work suggesting that people79

in chronically violent areas may acclimate to conflict [36, 37, 38]. However, taken in the context of80

the prolonged and pervasive Afghan conflict, we take this as evidence that people are more likely to81

flee their homes after recent and sustained violence, but may be willing to withstand ‘idiosyncratic’82

violence.83

We also find that the displacement response depends on whether the violence occurs in a provin-84

cial capital (which is typically an urban or peri-urban area) or a more rural non-capital district85

(Figure 3D). Although provincial capitals appear relatively resilient to violence, with muted and86

largely insignificant increases in displacement, effects of violence outside of provincial capitals are87

large and persistent. Afghanistan’s 34 provincial capitals are regional seats of government, and are88

where the Afghan National Security Forces are typically concentrated [39]. As a result, they might89

be seen to offer relative safety compared to other outlying districts.90

The heterogeneous displacement responses shown in Figures 3A-D highlight how each separate91

characteristic of violent events — the parties involved, the severity and recency of violence, and the92

location of the attack — relate to subsequent displacement. However, some of these characteristics93

are correlated: for instance, violence in provincial capitals tends to be preceded by fewer days of94

peace. For this reason, Figure 3E shows the joint relationship between these characteristics and95

displacement, i.e., it shows how each factor correlates with displacement, holding the other factors96

fixed (using a regression model; see Materials and Methods). Here, we observe that the general97

patterns are consistent with earlier results, but the outsized impact of IS is made clear: all else98

equal, violence involving IS has the largest and most significant impact on short- and long-term99

displacement.100

Where do the displaced go?101

Analysis of the anonymized mobile phone metadata can also provide granular insight into the102

destinations of the displaced. To build intuition, Figure 4 shows the flow of migrants in Afghanistan103

under normal times—that is, on days when violence does not occur. On such non-violent days, the104

total volume of mobile subscribers leaving capitals and non-capitals is approximately equal. For105

those moving from capitals, 73.5% move to a different province and roughly half (47.0%) move to106

other capitals or major cities; of the subscribers leaving non-capitals, half of them (50.6%) move to107

another province and 30.0% move to the provincial capital in the same province.108
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More revealing is how the equilibrium pattern of displacement shifts in response to violence.109

These results are summarized in Figure 5, which shows how the odds of moving to each type of110

district change on days with violence. Violence affecting non-capital regions (left panel of figure)111

makes subscribers more likely to go to the provincial capital of their origin district, and less likely112

to go to the largest cities (Kabul, Kandahar, Hirat, Mazari Sharif, and Jalalabad) outside their113

origin province. By contrast, violence affecting capital regions (right panel of figure) tends to drive114

subscribers away from their home province, and to concentrate either in the 5 major cities or more115

rural non-capitals. We discuss these and related results below.116

Discussion117

The preceding results illustrate a new empirical approach to studying conflict-induced displacement.118

The aggregate finding that violence causes displacement is consistent with prior work on internal119

displacement in fragile and conflict-affected countries [7, 8, 12]. In Afghanistan, the context of our120

analysis, IOM survey data from 2019 suggest that conflict had caused roughly two thirds of all121

current displacement [24].122

The main innovation of this new approach is that it permits a granular, dynamic, and quanti-123

tative analysis of violence-induced displacement that would be difficult to accomplish using house-124

hold surveys and qualitative interviews. For instance, our analysis documents the important role of125

provincial capitals in influencing both the impact of violence, as well as the destinations of displaced126

people. One specific finding is that when violence occurs in non-capitals, subscribers tend to flee127

to their home provincial capital. Such evidence corroborates qualitative findings that “people dis-128

placed by conflict and violence tended to try to stay as close as possible to their homes, moving from129

rural areas to the provincial capital or a neighboring province” [40]. The attraction of provincial130

capitals is likely due to several factors. First, capitals have a higher concentration of government131

security forces, and in the wake of violence, physical security is likely a crucial consideration. Fur-132

ther, provincial capitals are often the most urbanized area in the region, potentially offering greater133

economic opportunities [41]. Finally, movement to provincial capitals likely creates a feedback134

loop, where families are likely to have connections in provincial capitals, thus encouraging further135

movement to these capitals [42, 25, 43].136

We also find that the types of violence associated with more displacement include those related137

to IS, high-casualty violence, as well as chronic violence. These can be explained by the level of138

risk perceived by individuals and households in influencing their decision to flee [7, 8]. Apart from139

indiscriminate attacks, IS has orchestrated vivid displays of violence, such as filmed executions,140

advertising its brutality and intimidating opponents [44]. The Taliban, by contrast, has support141

among some segments of society, and are seen by some as a legitimate governing force [45]. Sep-142

arately, it is plausible that high-casualty and chronic violence similarly create an atmosphere of143
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fear that leads to higher displacement. Casualties have been found to be associated with insurgent144

recruitment and violence [46]; its link to displacement is perhaps unsurprising.145

Our analysis also indicates that people appear to anticipate the occurrence of violence, leaving146

before it occurs. This is most pronounced with recently experienced violence (SI Appendix Figure147

S1 ). There are several possible related explanations for this. First, people may not be anticipating148

a particular event, exactly, but responding to a general period of unrest. Individuals might perceive149

a threat of violence before a recorded event actually takes place.3 For example, there might be150

skirmishes between armed forces that do not lead to fatalities or are not reported in the media.151

This is consistent with survey-based evidence [7, 8, 9], which find that the the perceived threat of152

violence or presence of armed forces is sufficient to cause displacement, independent from the actual153

exposure to violence.154

While passively-collected mobile phone data create new possibilities for understanding forced155

displacement, there are important limitations and considerations (for more systematic reviews, see156

[20, 30, 31, 32, 33]). In particular, our measures of migration and displacement only cover inter-157

district movement of phones within the country of Afghanistan, thus likely underestimating the158

overall effect of violence on displacement, which includes international and within-district move-159

ments.160

More generally, there are several issues related to the representativeness of the data and the161

potential biases that may result. Our data reflect the displacement patterns of mobile phone162

owners who have an active account on one specific commercial network, and not the full Afghan163

population. While mobility inferences of mobile phone owners have been shown to correlate with the164

mobility of non-owners in certain contexts [47], it is possible that violence induces different types of165

displacement among phone owners and non-owners. Specifically, the most vulnerable populations,166

such as women, children, and lower income individuals, tend to be underrepresented in mobile167

phone data, as they are less likely to own a phone [48, 49]. Related, the data only indicate the168

intermittent and approximate location of mobile phones, not of actual subscribers. When phones169

are shared, powered off or disused, this can introduce measurement error. Vulnerable populations170

may use their phones less often, resulting in larger errors for these users [50]. We address some171

of these issues through data processing, estimation methods, and robustness checks (see Materials172

and Methods and SI Appendix Figure S3 ), but cannot eliminate all such concerns.173

Another obstacle to the widespread use of these methods to study internal displacement is that174

mobile phone data are not always easily accessible and may require partnerships with data own-175

ers. However, there are encouraging signs that private companies (such as Facebook, Google and176

Safegraph [51, 52]) may be interested in making mobility data available to researchers and human-177

itarian organizations [53, 30, 54]. Finally, the analysis of phone data must respect the privacy of178

3 This does not violate the causal identification assumption of no unobserved time-varying confounders (see Materials
and Methods), since the perceived threat of violence does not cause violence to occur, and is thus not a confounder.
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individual subscribers, particularly when dealing with displaced and otherwise vulnerable popula-179

tions [55, 56]. Our analysis involves only anonymized data that is aggregated geographically (by180

district) and temporally (by day). More generally, [57] and [58] others provide broader frameworks181

for the privacy-conscientious use of mobile phone data.182

Despite these important caveats, we remain optimistic that mobile phone and other digital trace183

data offer great potential for the study of internal displacement. Our empirical analysis provides184

new insight into the nature of violence-induced displacement in Afghanistan, and helps to quantify185

some of the human costs of violence that would be difficult to measure using traditional methods.186

For while there are definite limitations to what can be observed through mobile phone data, conflict-187

prone regions are often also the places where traditional survey-based data are least reliable and most188

difficult to obtain. Our hope is that this new approach can complement traditional perspectives189

on displacement, and eventually contribute to the design of effective policies for prevention and190

mitigation.191

Materials and Methods192

A Data on violence in Afghanistan193

We obtain violent events data from the Uppsala Conflict Data Program,4 a leading source of data194

on conflict events [59]. This open-source collection of metadata on armed conflict and organized195

violence is collected from media reports, so is likely to be biased toward salient events in more196

populous regions. The criteria for inclusion of an event is “the incidence of the use of armed force197

by an organized actor against another organized actor, or against civilians, resulting in at least198

one direct death in either the best, low or high estimate categories at a specific location and for199

a specific temporal duration” [60]. In Afghanistan from 2013 to 2017, 5,984 events were recorded200

where the event location is known to a district level, and event time is known to a specific day. We201

discard events which are not recorded with this level of precision (47% of all events). Afghanistan202

is divided into 398 districts in 34 provinces; our analysis is conducted on a district level.203

B Mobile phone Call Detail Records (CDR)204

Our analysis of displacement is based on a large dataset of pseudonymized mobile phone data from205

Afghanistan’s largest mobile phone operator. We obtain Call Detail Records (CDR) that provide206

metadata for every mobile phone call and data packet transfer that occurred on this network207

between April 2013 to March 2017 — a total of roughly 20 billion events. For each such event, we208

observe a pseudonymized unique identifier for the subscriber (hashed from their phone number),209

the date and time of the event, as well as the identifier of the physical mobile phone tower through210

4 UCDP Georeferenced Event Dataset (GED) Global version 19.1 (https://ucdp.uu.se/downloads/)
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which the transaction was routed. We also know the exact location of each tower, which allows us211

to approximately identify each subscriber’s location at the time of the event, to within roughly 500212

meters in urban areas and roughly 10km in rural areas.213

In total, there are 13,315 active towers during this period, many of which are very close together;214

we group these towers into 1,439 tower groups by combining towers less than 100 meters apart.215

These cell tower groups are plotted in Figure 1. Only districts with cell towers are included in216

this analysis, though we note that there is substantial overlap between districts with violence and217

districts with cell towers (84% of the events in Figure 1 occur in a district with a cell tower). These218

generally correspond to the more populated districts in Afghanistan.219

C Measuring migration220

From the original call detail records, we follow a sequence of steps to determine if and when a221

migration event occurs. We adopt the International Organization for Migration (IOM)’s definition222

of migration, which is “The movement of persons away from their place of usual residence, either223

across an international border or within a State” [29], and focus on internal migration (“within a224

State”), where place of usual residence is measured to a district-level precision. We capture trips225

that last approximately at least a week (five full days and two travel days). The migration that226

we measure is therefore an inter-district movement. Complete details on this process are in the SI227

Appendix ; a brief summary is provided here.228

Our first step is to derive a “daily modal location” for each subscriber for each day (24-hour229

period from 6 A.M. to 6 A.M. the next day), which is the district in which the subscriber is230

observed most frequently on that day. Similar methods have been used and validated in other work231

[61, 62, 63, 64, 13, 31]. Some of this work uses night-time hours; we use all hours, which allows the232

inclusion of more users. For example, comparing locations of each user each day (user-day) in April233

2013, data are available for approximately 31 million user-days using night-time hours (6 P.M. to 6234

A.M.), while using all hours (6 A.M. to 6 A.M.), 61 million user-days are available. Among the 32235

million, 89% record the same district as using all hours. Now, these daily modal locations tend to236

be sparse and noisy: for instance, many people do not use their phones on every single day; people237

may take short trips to nearby (non-residential) locations, and so forth.238

Thus, our second step employs an unsupervised scanning algorithm [28] to identify contiguous239

segments in which a subscriber is, with high probability, resident in a single district. Contiguous240

segments with sparse data are interpolated within the bounds of input parameters.241

The third step is to identify migration events using discontinuous breaks in these contiguous242

segments. The second and third steps use the open-source migration_detector Python package,5243

which is specifically designed to infer migration events in transaction log data. The accompanying244

5 https://github.com/g-chi/migration_detector
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paper [28] validates the use of these methods to measure migration. Tuning parameters are set to245

identify changes in locations resulting from stays of at least five full days in origin and destination246

districts. See SI Appendix for full details.247

The above procedures allow us to measure migration events from the mobile phone CDR. Many248

such events are not indicative of displacement, which the IOM defines as “The movement of persons249

who have been forced or obliged to flee or to leave their homes or places of habitual residence, in250

particular as a result of or in order to avoid the effects of armed conflict, situations of generalized251

violence, violations of human rights or natural or human-made disasters.” [29] Given the limited252

contextual information available in the CDR, we cannot directly observe whether each inferred253

migration event should be considered a displacement. Instead, as we discuss in Materials and254

Methods Section E, we focus our analysis on the increase in out-migrations from a district that255

appear to be caused by violence in that district.256

D Data validation257

To validate the measures of migration derived from the mobile phone CDR, we compare our derived258

migration metrics to displacement measures published by the IOM.6 To our knowledge, there is259

no official or other published data measuring inter-district migration as we do; while we try as260

far as possible to produce analogous measures, the IOM data measure fundamentally different261

quantities, and we do not expect comparisons to be identical. Generally speaking, we might expect262

province shares of migration and displacement to be similar if the fraction of displaced people263

among those who move for any reason are similar across provinces. This might not always be the264

case, for example, we might expect the capital Kabul to have a much smaller share of displaced265

people. Nevertheless, we make the comparison, as the IOM data are the closest published dataset266

on internal migration or displacement in Afghanistan.267

The IOM collects data at the settlement (village) level through key informant interviews, focus268

group discussions, and direct observation [24]. They use these data to estimate counts of outgoing269

and incoming internally displaced persons (IDPs) in assessed settlements over fixed periods. IDPs270

are categorized into “returnee IDPs,” “arrival IDPs,” and “fled IDPs.” We use the data collected in271

the year 2016; to our knowledge, this means that these individuals were recorded as being IDPs272

anytime during the year. We group “returnee” and “arrival” IDPs together as incoming IDPs, treat273

“fled IDPs” as outgoing IDPs, and sum the total number of incoming and outgoing IDPs for each274

province. We then compute each province’s share of the total incoming and outgoing IDPs.275

Now, to construct an analogous metric from the CDR, we compare the district locations of each276

subscriber at the beginning and end of three four-month periods in 2016 (Jan-Apr, Apr-Aug, and277

Aug-Dec; summed to obtain a measure of movement in 2016, since the longest we track users is278

6 Available at https://data.humdata.org/dataset/afghanistan-displacement-data-baseline%
2Dassessment-iom-dtm.
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for 120 days). Since each district could have different cellphone penetration rates, for each period279

and each district, we estimate the total number of people who moved in and out of the district, by280

scaling the number of recorded subscribers who moved by district population
#recorded subscribers , where the district281

population is as estimated by Afghanistan’s Central Statistical Office.7 We then aggregate these to282

the province level for 2016, and compute province shares in a similar manner. Figure 6A shows the283

share of each province estimated to leave; Spearman’s correlation between CDR and IOM statistics284

at the province level is ρ = .49. Figure 6B does the same for incoming individuals, with ρ = .56.285

Indeed, in Figure 6 we see that many provinces see similar shares of migration and displacement,286

with some obvious differences in Kabul province, where migration far exceeds displacement, and287

Hilmand, where displacement far exceeds migration (Hilmand province is a Taliban stronghold and288

frequently sees heavy fighting [65]).289

E Panel Regressions: Measuring k-day displacement290

We combine the violent events data and migrations observed in the CDR into a district-day panel291

dataset, which we use to estimate the “average” impact of violence on out-migration from the292

impacted district. We estimate this effect by adapting widely used panel regression models to our293

context (e.g., [66]), which allows us to estimate the total displacement caused by violence, while294

controlling for unobserved district- and time-related factors that might influence both the occurrence295

of violence and displacement, and subject to the identifying assumptions discussed below. This296

estimation of displacement as a increase in migration due to violence also partially addresses the297

concern that place of usual residence might be incorrectly measured using CDR. If violence does298

not impact the measurement error, for example if the likelihood of a subscriber being misallocated299

to the district of their workplace instead of their home does not change due to violence, then the300

misallocation will not bias the estimated displacement.301

For each value of k from 1 to 120, we estimate the following regression:302

g(E(Ydt,k|Xdt, Td,t+τ )) = γd + λt +

180∑
τ=−30

βτTd,t+τ (1)

where d indexes the district, t the time (calendar date), covariates Xdt are given by γd, district303

fixed effects, and λt, time fixed effects. Td,t+τ are the treatment variables (whether or not violence304

occurs) for district d at time t, at a lag of τ days. Lags of τ ∈ [−30, 180] are used, representing305

violence in the district 30 days in the future to 180 days in the past. The outcome variable, Ydt,k,306

is the proportion of those in district d at time t − k, that are in a different district at time t.307

Subscribers present k days ago in district d but with missing location on day t are included in308

the denominator but not in the numerator in this computation. The parameter k is introduced309

7 Population data available at https://data.humdata.org/dataset/estimated-population-of-afghanistan-2015-2016
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to capture the fact that displacement has to be measured relative to some time in the past. g()310

is the logit link function. Since the outcome variable is a proportion, we model it using a beta311

distribution, a family of continuous distributions in the interval from 0 to 1, taking a variety of312

possible shapes depending on the values of its parameters. We fit a beta regression using maximum313

likelihood estimation [67]. Standard errors are clustered at a district level.314

These coefficients can be interpreted as with a logistic regression: for each τ , eβτ is the multiplica-315

tive change in odds of being in different district today (time t), for Tτ = 1 (when violence occurs)316

relative to Tτ = 0 (days without violence), holding the other variables constant. To interpret βτ as317

the causal effect of violence on displacement, the target parameter is the causal conditional odds318

ratio, and the set of necessary identification assumptions are positivity, consistency, conditional319

exchangeability and correct model specification [68]. In our context, this specification assumes320

that there are no spatial spillovers, meaning that violence in one district does not have an effect321

on displacement in other districts. Carryover effects of the violence are limited to 180 days after322

the violence, and effects from up to 30 days prior are allowed. These daily effects are estimated323

independently and do not modify one another. The effects are also assumed to be identical for all324

districts, and do not vary over the measurement period (2013-2017). The confounders are limited325

to district, time, and treatment in the surrounding window of time, and these enter additively. This326

implies that there are no unobserved time-varying confounders, and also that past outcomes do not327

affect current treatment (this is plausible since in most cases the number of displaced people is328

not large enough to affect military strategy). We relax several of these assumptions in subsequent329

analysis, for instance by allowing for heterogeneous effects for different types of violence in different330

types of locations.331

In estimating these regressions, we exclude district-days in which the outcome variable is 0, 1,332

or missing. The rationale is that these zeros and ones are likely due to data sparsity. For instance,333

if no subscribers were recorded as being in a different district, it could be that their locations334

were simply missing (e.g., they did not use their phones, there was no cell service, they switched335

providers, etc.). On the other hand, it is unlikely that all subscribers would have left a district on336

any day; a recorded 1 could indicate cell tower outages in the origin district, for example.337

F Impact of a violent day338

To distill the impact of a single violent day, for each k ∈ [1, 120] we consider the coefficient for Tτ339

for τ = k. This coefficient captures the effect of violence occurring at a τ day lag, on movement340

measured at time t, compared to district locations k days ago. When τ = k, the outcome variable341

is measured with respect to those in the district on the day of the violence. In this way, extracting342

the relevant coefficients from regressions where the outcome variable are different values of k, gives343

us the impact of a single violent day, on the subscribers in the district on that day. We demonstrate344
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the robustness of these results to potential data issues, such as the presence of outliers, as well as345

modeling issues such as the inclusion of additional time-varying controls (SI Appendix Figure S3-4 ).346

G Heterogeneous effects347

To allow for the possibility that the displacement response may differ for different types of violence,348

or for specific types of locations, the results of heterogeneous effects models are shown in Fig. 3.349

These results are estimated by creating separate treatment indicators for different types of events350

(e.g., low-casualty vs. high-casualty), which replace the treatment indicators in (1). For instance,351

letting Hd,t+τ denote the occurrence of high-casualty (>10 casualties) violence, and Ld,t+τ denote352

the occurrence of low-casualty violence, we estimate:353

g(E(Ydt,k|Xdt, Hd,t+τ , Ld,t+τ ))

= γd + λt +

180∑
τ=−30

βH,τHd,t+τ +

180∑
τ=−30

βL,τLd,t+τ
(2)

When analyzing heterogeneity of response by location (e.g., for provincial capitals), we estimate354

prior regressions on the relevant subsets of the data, i.e., by only including observations pertaining355

to provincial capitals.356

H Controlling for multiple dimensions of heterogeneity357

To account for multiple dimensions of heterogeneity varying jointly, we analyze 30-day displacement358

by first fitting (3) separately for each of the events, using ordinary least squares.359

log

(
Ydt,30

1− Ydt,30

)
= γd + λt +

180∑
τ=−30

βτTd,t+τ + εdt (3)

Here Td,t+τ indicates a single event at a time (each treatment indicator indicates whether or360

not the specific event occurs at district d at time t, at a lag of τ days). Only events in which all361

βτ coefficients can be estimated are included, meaning that if the outcome variable is unavailable362

in any day that is 30 days preceding the event to 180 days after the event, it is not included in363

the analysis. This results in a total of 2359 events being studied. For each included event, we take364

the mean of the estimated coefficients for βτ , for τ=1-15, 16-30, 31-45, 46-60, 61-75 and 76-90. We365

treat these as outcome variables, and model each of these derived outcomes Oi as366

Oi = β0 + β1provCapi + β2log(population)i

+ β3ISi + β4casualties11i + β5peace60i + εi
(4)
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where i is the event, provCapi is a binary variable denoting whether the event occurs in a367

provincial capital, log(population)i is log of the population of the district in which the event368

occurs (added as a control), ISi is a binary variable denoting whether the event involved the369

Islamic State, casualties11i is a binary variable denoting whether the event was associated with370

11 or more casualties, and peace60i is a binary variable denoting whether the event was preceded371

by 60 or more days of peace. Figure 3E shows the estimated coefficients for each of the outcomes.372

I Destinations of displaced people373

To investigate where the individuals displaced by violence go, we first examine migrant flows during374

non-event days (Figure 4) and event days (SI Appendix Figure S2 ). We consider all recorded moves375

in any 30-day period, and split these into days in which violent events occurred at the start of376

the 30-day period (“event days”), and those which no events were recorded (“non-event days”). We377

repeat the following analysis for each. First, we categorize recorded moves as originating in either378

capital districts or non-capital districts. Then, destination districts are categorized into mutually379

exclusive categories by first recording whether they are in the same or different province from the380

origin district; these destinations are then partitioned into three different types of districts – the381

major urban cities (Kabul, Kandahar, Hirat, Mazari Sharif, Jalalabad), other capital districts, or382

non-capital districts.383

To estimate the effect of violence on the destination of displacement, we use a similar setup384

as (1). Instead of the outcome variable being the fraction of population moved on days k, we use385

the fraction of movers (those in a different district at time t compared to k days ago) on days k,386

observed to be at specific types of destination districts, as described above. We use outcomes for387

k = 7, 30, 90, and fit separate regressions for provincial capitals, and non-capitals, and for each388

outcome. As before, district-days in which the outcome variable is 0, 1, or missing are excluded389

from the analysis (e.g., if no subscribers were recorded as being in a different district, it could be390

that their locations were simply missing, or that the mobile phone operator did not have coverage391

in the specific destination district).392

Data availability393

The data that provides the foundation for the paper is a dataset containing detailed information on394

roughly 20 billion mobile phone calls in the country of Afghanistan. These data contain proprietary395

and confidential information belonging to a major telecommunications operator. We are hence396

unable to publicly release the full dataset. Instead, several template datasets that contain a small397

sample of the simulated data are available from the authors upon reasonable request. Information398

on how someone else could obtain the proprietary data from the mobile phone operator in question399
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can also be provided. All other data used are publicly available and sources have been listed in the400

text.401

Code availability402

All code to reproduce the findings of this study is available at https://github.com/shikharmehra/403

afghanistan-internal-displacement.404
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Figures588

Figure 1: Map of cell towers and violent events in Afghanistan, 2013-2017. District boundaries are
represented by gray lines. There are 1439 cell tower groups (black dots) and 5984 violent events
(red dots). Event locations are marked by exact geocoordinates when available, or with the district
centroid when only the district name is known.

Less 
Populated

More 
Populated

Kabul District

Kandahar

Hirat

Mazari Sharif

Jalalabad

• Cell towers

• Violence

21



Figure 2: The effect of violence on internal displacement.
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Figure 3: The effect of violence on displacement, disaggregated by type and location. Figures
A-D show the impact of a violent day on individuals who were in the district on the violent day.
Coefficients are estimated separately for (A) IS vs. Taliban violence (B) Events with 11 or more
casualties vs. fewer than 11 casualties (C) Events following fewer than 60 days of peace vs. 60
or more days (D) Events in provincial capitals vs. non-capitals. (E) shows how the effect of each
event on 30-day displacement depends on event and location characteristics. Bars indicate 95%
confidence intervals.
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(a) Displacement for IS (N=185) vs. Taliban violence (N=3134).
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(c) Displacement for events following fewer than 60 days of peace (N=2319) vs. 60 or more days (N=1035).
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(d) Displacement for events in provincial capitals (N=2460) vs. non-capitals (N=894).
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Figure 4: Migrant flows on days without violence. Diagram indicates the proportion of subscribers
moving between locations of different types, where a move is defined as a change of home district
over a 30-day period.
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Figure 5: The effect of violence on destination choice. Figure shows how movement from districts
on days of violence differs from movement from districts on days without violence, where a move
is defined as being in a different district 7, 30, or 90 days after the reference date (see Materials
and Methods). Left panel shows movement from non-capitals; right panel shows movement from
capitals. Red denotes movement between provinces and green denotes movement within a province.
Destinations are divided by the type of district: one of the five largest cities (Kabul, Kandahar,
Hirat, Mazari Sharif, Jalalabad); another of the provincial capital districts; or a non-capital district.
Bars indicate 95% confidence intervals.
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Figure 6: Comparison of IOM-based estimates of displacement (official data) and CDR-based esti-
mates of migration (mobile phone data). Kabul district is not included as it distorts the y-scale of
the axes.
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(a) Province shares of total outgoing individuals, by origin province.
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(b) Province shares of total incoming individuals, by destination province.
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