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Abstract

War is often associated with accelerated technological change, even though its direct
human and economic effects are overwhelmingly destructive. One reason may be po-
litical: war can make public investment in innovation more visible, urgent, and politi-
cally feasible than it is in peacetime. We study this mechanism in Ukraine using orig-
inal wartime surveys that combine heterogeneous direct exposure to wartime harm
with fixed-sum budget allocation tasks. Rather than comparing wartime to peacetime,
we compare respondents who were more directly exposed to war to otherwise similar
respondents from the same pre-war settlements and baseline socioeconomic profiles
chosen to target the main observable predictors of exposure. More directly affected
respondents allocate roughly 3-5 percentage points more of a reconstruction budget
to R&D/technology. The financing margin differs by exposure type: economic harm
primarily crowds out healthcare, while family harm primarily crowds out infrastruc-
ture. Direct exposure also reduces support for importing technology and increases
the salience of domestic spillovers and scientific mobilization, while broad attitudes
toward technology and a proxy for war support move little. The evidence is there-
fore difficult to reconcile with a generic rally-around-the-flag response and instead

suggests that war can increase the political feasibility of public innovation.
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1 Introduction

Wars damage countries” human and physical capital, destroying laboratories, displac-
ing scientists, reducing their productivity, and increasing risk aversion. At the same time,
wartime and the recovery that follows have often been moments of rapid technological
advance: World War II and the Cold War yielded radar, jet propulsion, computing, GPS,
and the internet; post-war Japan and South Korea reoriented toward technology-intensive
growth with sustained state R&D. Numerous technological breakthroughs, such as civil-
ian aviation, radar, antibiotics, the internet, and GPS, originated from government invest-
ments in wartime (Gross and Sampat, 2023; Ruttan, 2006).

A central reason technological progress accelerates in wartime is that war reshapes the
political economy of innovation policy. In peacetime, governments can underinvest in
R&D even when its social returns are high (Fieldhouse and Mertens, 2023; Dyevre, 2023).
The returns from R&D investment typically materialize long after elected officials face re-
election, making these investments less politically rewarding. In addition, innovation in-
vestment carries higher risk compared to more predictable and tangible alternatives such
as infrastructure or education. By contrast, many alternative public investments generate
outputs that are more immediately legible: voters can observe roads being built, services
being expanded, or transfers being delivered. This creates an electoral incentive to pri-
oritize policies with short-horizon, visible deliverables over innovation spending whose
payoffs are less attributable within an electoral cycle. Wartime and reconstruction can re-
lax this constraint by making technological capacity more salient and more immediately
tied to security and recovery, thereby increasing the political feasibility of state-led inno-
vation investments.

This political-economy mechanism matters only if public priorities can shape policy. A
large literature shows that policy is responsive to policy-specific opinion, especially when
issues are salient and electorally legible, even if responsiveness is imperfect and mediated
by elites and organized interests (Wlezien, 1995; Burstein, 2003; Lax and Phillips, 2012).
Our argument is therefore not that war mechanically determines innovation policy, but
that exposure can shift mass demand in a way that changes the political feasibility of

public R&D and related technology policies.



We study this argument in wartime Ukraine using original survey data that combine
heterogeneous exposure to war with fixed-sum allocation tasks. Respondents allocate
100 points across competing reconstruction priorities, allowing us to observe not only
whether support for technology rises, but which other priorities are displaced. We dis-
tinguish three exposure types: family exposure (a close relative killed, injured, or serving
in the military), economic exposure (home damage or destruction, or forced displace-
ment), and military exposure (active-duty service, with the military sample restricted to
conscription-eligible men). Across exposure types, respondents with more direct wartime
harm allocate 3-5 percentage points more of the reconstruction budget to R&D than ob-
servationally comparable respondents living under the same wartime environment but
not directly harmed in the focal way. This shift appears to operate through reprioritiza-
tion under scarcity rather than through a broad change in technology optimism or sim-
ple hawkishness: the evidence shows little corresponding movement in general attitudes
toward technology, and only limited movement in preferred directions of technological
change.

A post-war economic recovery depends not only on the extent of government R&D
investment, but also on its direction. In the civilian sample, both exposure types are as-
sociated with stronger support for military technology, but the broader pattern is not a
uniform shift away from civilian technologies. Family exposure is also associated with
greater support for healthcare-related innovation and lower support for manufacturing,
while economic exposure shows smaller and less systematic movements across the non-
military categories. Among respondents on active military duty, preferences shift to-
ward healthcare and, in some specifications, basic research, while support for additional
military R&D is weaker. These patterns reinforce the broader conclusion that exposure
changes strategic priorities over the direction of innovation rather than simply making
respondents uniformly more hawkish or uniformly more pro-technology.

The way in which governments invest in R&D matters: countries below the technolog-
ical frontier benefit from catch-up growth if they adopt existing technologies from abroad
(Comin and Hobijn, 2011; Abramovitz, 1986; Boiko, 2019). Post-war periods often fos-
ter a drive towards domestic technological self-sufficiency rooted in national pride and

security considerations (Luo, 2022; Odagiri, 1996; Kennedy, 2020). We investigate how
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wartime experiences change the preferred choice over purchasing new technologies from
abroad versus developing them domestically and the reasoning behind it, as well as pref-
erences over conscription of scientists for active duty.

Ukraine, with its previously vulnerable innovation system, high human capital, and
severe wartime disruptions, provides a uniquely informative setting in which to study
the political feasibility of public innovation. We detail these background features below.
Empirically, we compare exposed and unexposed respondents who share the same pre-
war settlement and baseline socioeconomic profile, using a conditioning set chosen to
target the main observable predictors of exposure.

Because direct exposure to wartime harm cannot be ethically or practically random-
ized, this study necessarily relies on observational variation in exposure. Accordingly,
we do not treat wartime harm as randomly assigned. Instead, we compare respondents
from the same pre-war settlements with similar baseline socioeconomic profiles and inter-
pret the estimates under a selection-on-observables framework, supplemented by multi-
ple matching strategies and sensitivity analyses. This approach is consistent with adjacent
work on war and innovation, which likewise identifies effects from observational or quasi-
experimental wartime shocks rather than randomized exposure. The evidence suggests
that war can enhance the political feasibility of government R&D not by altering funda-
mental attitudes toward technology itself, but by reshaping public views about the gov-
ernment’s role in fostering technological capacity and national resilience. Existing work
on innovation policy often emphasizes firms, lobbies, and state institutions; we instead
foreground the mass-political demand for innovation policy and show that wartime ex-
posure shifts not just attitudes but budget trade-offs. More broadly, the paper contributes
to the political economy of conflict by documenting a mechanism distinct from redistri-
bution or generic state-building: exposure increases support for innovation-related public
spending and strategic technological autonomy, with implications for long-run produc-
tivity and reconstruction.

The rest of the paper is organized as follows: Section 2 discusses the immediate effects
of war on innovation, focusing on Ukraine and briefly discusses the state of Ukraine’s
pre-war innovation infrastructure. Section 3 discusses the data, measurement of the key

treatment variable, identification assumptions and estimation. Section 4 presents the re-
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sults. Section 5 discusses the robustness of the key results. Section 6 concludes.

2 Background

Social instability and political conflict impose significant burdens on economic out-
comes, a relationship extensively documented in both cross-country analyses (Acemoglu
and Robinson, 2001; Alesina et al., 1996; Barro, 1991; Mauro, 1995) and within-country
studies (Abadie and Gardeazabal, 2003). Historical evidence further demonstrates that
conflicts have enduring adverse effects on international economic interactions, notably
by decreasing international trade volumes and weakening economic integration even
decades after hostilities end (Guiso et al., 2009).

Beyond broad economic effects, wars profoundly impair innovation directly by un-
dermining human capital essential for research and technological development. Empirical
evidence highlights that exposure to violence significantly reduces researchers’ productiv-
ity: affected researchers produce fewer publications (Chen and Moser, 2024) and patent
applications (Cook, 2014). Stress and mental health challenges, which commonly accom-
pany war experiences, further compound this negative impact on research productivity
(Biasi et al., 2021).

A secondary channel through which war may stifle innovation is by altering individ-
ual risk preferences. Innovation inherently involves uncertainty: even rigorous research
efforts and promising ideas often fail (Harhoff et al., 1999). The inherent uncertainty in
innovation is evident from startup failure rates, where approximately half fail within five
years, and only a third survive a decade (U.S. Small Business Administration, Office of
Advocacy, 2023). Consequently, if conflict-induced trauma heightens risk aversion, in-
dividuals may shift their preferences toward safer, less ambitious projects (Moya, 2018;
Lerner and Keltner, 2001; Callen et al., 2014). Recent evidence in economic history points
to precisely this mechanism. Using parish-level WWI mortality shocks in Britain linked
to patent and inventor data, Repetto et al. (2026) show that wartime human-capital losses
produced persistent declines in local patenting, with especially large effects on break-
through innovation. They further show that these effects operated through both lower

productivity of incumbent inventors and weaker entry of new inventors, consistent with



a supply-side human-capital channel. This mechanism is distinct from the one we study
here: even if war damages the innovation base itself, direct wartime exposure may still
increase public support for state-led technology investment during reconstruction.

Even before the 2022 escalation, Ukraine’s innovation system was structurally weak.
Gross R&D fell from 1.07% of GDP (2003) to 0.41% (2020); business R&D accounted for
only about 20% of total (0.08% of GDP) and was largely self-financed (World Bank, 2025).
The 2019 National Innovation Strategy’s action plan was only partially implemented and
lacked a monitoring mechanism; rule of law, investor protection, credit to the private
sector, and outdated infrastructure - constraining firm- level innovation (for Economic
Co-operation and Development, 2022).

At the same time, Ukraine retained important assets. Tertiary enrollment was high
(about 83%) and ICT services were dynamic: exports increased to $7.1 billion in 2021
(38% of service exports), although activity remained concentrated in low valuedadded
outsourcing; Intellectual property license receipts were just $69 million in 2021, down
from $167 million in 2013 (for Economic Co-operation and Development, 2022; World
Bank, 2022, 2024). The broader industrial base remained diverse but resource - biased:
agriculture accounted for 41% of merchandise exports in 2021 (overtaking metallurgy’s
historical role) (Service, 2024).

The onset of full-scale invasion in 2022 severely disrupted Ukraine’s innovation ecosys-
tem, particularly affecting its research sector. Assessments of Ukraine’s scientific com-
munity during wartime (for Economic Co-operation and Development, 2022; Suchikova
et al., 2023; Bezvershenko et al., 2025) indicate that roughly one-quarter of the country’s
research workforce emigrated within the initial seven months of conflict - nearly twice
the general population’s emigration rate of 13.5%. Researchers who stayed faced signifi-
cant impediments, including displacement, instability, and psychological distress, which
substantially reduced their scientific productivity.

Moreover, the war abruptly terminated critical international scientific collaborations,
notably between Ukrainian and Russian researchers, historically a substantial portion of
Ukraine’s internationally co-authored publications. Losing these collaborations severely
isolated Ukrainian science from critical networks, funding opportunities, and shared in-

frastructure. Collectively, these factors - pre-existing structural fragility, wartime emigra-
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tion of scientists, disruption of international collaborations, and severe physical and psy-
chological impacts -make Ukraine a uniquely important case for exploring the interplay
between technological development and armed conflict.

The war’s profound human costs - ranging from direct exposure to forced displace-
ment - have further influenced broader national identity and political transformation pro-
cesses. Recent research suggests that the conflict accelerated nation-building, reinforc-
ing Ukrainian national identity while reducing linguistic and cultural affiliations with
Russia (Dill et al., 2023; Abramenko et al., 2024). Specifically, Abramenko et al. (2024)
demonstrate that wartime experiences have led many Ukrainians to shift from Russian to
Ukrainian language usage on social media, coinciding with increased self-identification as
Ukrainian in surveys '. These shifts may shift the preference towards domestic technology

development away from importing technology.

3 Data and Methods

This study draws on two surveys ae have conducted in wartime Ukraine: our civilian
sample comes from the Kyiv International Institute of Sociology (KIIS) Omnibus survey
tielded in February 2024. The sample comprises 2000 adult respondents who provided
informed consent. Participation was voluntary, withdrawal was permitted at any time,
and enumerators were trained to ensure the safety of both interviewers and respondents
(Cronin-Furman and Lake, 2018). To prioritize safety, we assured our Ukrainian partners
that any interview interrupted for security reasons would carry no repercussions, financial
or otherwise.

The civilian sampling frame is adults aged 18 and older living in government-controlled
territory at the time of data collection. KIIS designed the sample to be representative
within this frame. The survey does not capture all exposed Ukrainians: in areas previ-
ously under Russian occupation, exposure rates were higher, and only those who relo-
cated into government-controlled territory could be observed. Ukrainians who left the

country are not included.

"However, the impact of war on social and political attitudes is nuanced: Hoch et al. (2025) find that
objective experiences of Ukrainian war events correlate negatively with prosocial behavior and institutional
trust, whereas subjective, trauma-based experiences exhibit a positive association with prosociality
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In addition to the KIIS civilian survey, we fielded a survey of 300 active - duty service-
members in June 2024. For these respondents, we observe pre-war location at the oblast
(region) level and age; pre-war occupation is unavailable.

Conscription was driven by age, gender and geographic location. Under martial law,
Ukraine operated mandatory mobilization. Men aged 18 - 60 could serve, with compul-
sory draft eligibility applying to older cohorts; the statutory minimum age for mobiliza-
tion was lowered from 27 to 25 in April 2024 (Verkhovna Rada of Ukraine, 2024). At
the time of our survey, roughly 25% of service personnel were volunteers and 75% were
conscripts, so the armed forces were predominantly conscripted (Petrenko, 2024).

Because voluntary service below the mobilization threshold may be selectively cho-
sen, we trim the military sample to conscription-eligible men (ages 25 - 60 as of June
2024). Women were not subject to conscription by law; those serving did so voluntarily.
Although women constitute an estimated 15% of active military personnel, the absence of
a female conscription comparison group leads us to restrict the analysis to men. We do not
observe conscript/volunteer status at the individual level; however, given the aggregate
composition, the share of volunteers in the trimmed sample is likely small, which helps
mitigate selection into service.

Mobilization is administered locally through Territorial Recruitment and Social Sup-
port Centers (TRCs): district and city TRCs “organize and maintain military registration
on the territory of the relevant administrativeaterritorial unit,” and individuals are reg-
istered with the TRC at their declared place of residence; TRCs are established at the
oblast/city/district levels (Cabinet of Ministers of Ukraine, 2022). Together, these rules
imply that eligibility is age-based, while who calls a person (and when) is determined by

the TRC responsible for that person’s place of residence.

3.1 Measuring Exposure to War

The Russian invasion of Ukraine in February 2022 has affected the entire population,
although individual experiences of exposure vary significantly. To measure these varia-

tions, respondents were asked:

The war has brought devastation to the whole country, hurting some people more than
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others. Please select all that apply to you: 1 was wounded; An immediate family
member was wounded or killed; Immediate family member is currently serv-
ing in the army; My home was damaged or destroyed; I was forced to flee my

home; None of the above

In our survey sample of 2,000 respondents, only 39 individuals reported personal in-
juries, limiting statistical reliability for analyzing direct personal exposure. Figure A.l
illustrates results from a principal component analysis (PCA) of the remaining expo-
sure types, revealing distinct groupings: respondents experiencing economic harm (home
damage or forced displacement) cluster together; individuals with family members killed,
injured, or currently serving in the army form another distinct group; and respondents
unaffected by these exposure types clearly form a separate control group.

Consequently, respondents are grouped into three categories: Control (respondents se-
lecting “None of the above”), Economic exposure (respondents experiencing home dam-
age or displacement), and Family exposure (respondents whose family members were
killed, injured, or are serving in the army).

This separation is motivated methodologically and theoretically. First, economic and
family exposure likely have different implications for policy preferences: economically
harmed individuals might prioritize policies promoting economic recovery, while family-
exposed individuals may emphasize military readiness and healthcare investment. Sec-
ond, these exposure types have distinct assignment mechanisms: economic harm pri-
marily results from Russian aerial strikes, whereas family exposure relates to Ukrainian
conscription practices. As will be discussed further in the Results section, the findings
derived from these two exposure types remain broadly consistent with each other. Figure
1 presents a map of exposure patterns for the civilian sample. The panels show respon-
dent locations by exposure status for the civilian sample, including respondents reporting
economic exposure, family exposure, and those selecting “none of the above.”

Understanding the specific type of exposure is crucial because prior research suggests
it can distinctly influence risk tolerance and policy preferences, which in turn shape pref-

erences over government investment in innovation and the desired direction of innova-
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Figure 1: Spatial distribution of exposure in Ukraine, 2022. Each dot marks a respondent
location. Magenta denotes 1 treated and cyan denotes 0 control. Family exposure equals
1 if a family member was killed, injured, or is currently serving in the army. Economic
exposure equals 1 if a home was destroyed or the respondent was forced to flee. Maps are
descriptive and do not adjust for population or sampling density.

tion policy.

The existing literature demonstrates various effects of violence exposure on risk prefer-
ences. In Colombia’s prolonged civil conflict, survivors of violence displayed significantly
increased risk aversion compared to similar not directly exposed individuals (Moya, 2018),
a pattern closely linked to anxiety and PTSD symptoms (Lerner and Keltner, 2001). Sim-
ilarly, Callen et al. (2014) observed a pronounced “certainty premium” among Afghan
civilians exposed to Taliban insurgency violence, as these individuals strongly preferred
guaranteed payoffs even when uncertain options had higher expected returns >. Table
C.1 presents a brief summary of select papers on the effects of war exposure, highlight-
ing different approaches to defining what constitutes a treatment. Displacement, family
member being killed or injured, participation in the active military, as well as being per-

sonally injured constitute the most common approached to defining exposure. People

ZHowever, findings from other contexts have differed. Voors et al. (2012) showed that individuals in post-
conflict rural Burundi exhibited greater risk tolerance in experimental settings compared to those not ex-
posed to violence. Kibris and Uler (2023) reconcile these contrasting findings through a natural experiment
involving Turkish conscripts randomly assigned to high- or low-conflict regions. Soldiers deployed in com-
bat zones generally showed increased risk tolerance, reflecting adaptation to risky environments, yet those
directly experiencing traumatic violencedsuch as combat injuries or witnessing comrades’ deathsdbecame
significantly more risk-averse



living in Ukraine at the time of war and not reporting any type of direct exposure are con-
sidered a control group for the purposes of this study, despite exposure to ambient effects
of war. Summary statistics of the key demographic variables, as well as treatment status

and census weights is presented in Table B.1 of the Appendix.

3.2 Identification: Conditionally Indiscriminate exposure

The war that Russia launched against Ukraine in February 2022 has been marked not
only by large-scale military operations but also by extensive and indiscriminate violence
targeting civilians and civilian infrastructure. Russian forces have repeatedly employed
unguided artillery, cluster munitions, and aerial bombardments in densely populated ar-
eas, resulting in devastating civilian casualties and widespread destruction of homes, hos-
pitals, and schools (OHCHR, 2023; International, 2023). Beyond physical destruction, the
war has also unleashed pervasive gender-based violence, including conflict-related sex-
ual violence. Russian soldiers have systematically committed acts of rape, sexual slavery,
and forced nudity, often as part of broader campaigns aimed at terrorizing and degrading
civilian populations (Weber, 2023; Watch, 2024). These patterns of indiscriminate violence
and systematic gendered abuse have inflicted severe social and psychological scars, while
also shaping public perceptions of the state, the military, and the future of the country.

The indiscriminate nature of Russian military violence across settlements and gender
groups creates quasi-random exposure to conflict intensity, conditional on a person’s pre-
war location, age and occupation, enabling the use of natural experimental approaches
to study how direct and indirect exposure to violence shapes attitudes toward technol-
ogy, innovation policy, and the role of science in post-war reconstruction. Our survey
samples respondents residing in government-controlled territory at the time of fieldwork.
The sample therefore includes both individuals whose pre-war communities were never
occupied and individuals who relocated from areas that later became occupied; it does
not include individuals residing under occupation at the time of the survey. Accordingly,
our estimand is the effect of wartime exposure on policy preferences among residents of
government-controlled territory—the population whose attitudes are most directly rele-

vant for reconstruction policy. In this sense, Ukraine’s tragedy offers a rare opportunity to



study how personal exposure interacts with broader processes of technological develop-
ment and national recovery, contributing to both the political economy of innovation and
the study of post-conflict recovery.

To assess the plausibility of this conditioning strategy, we document overlap and bal-
ance for exposed and unexposed respondents within pre-war settlements. Figure 3 (and
Appendix Figure D.1 for Economic exposure) reports propensity-score overlap diagnos-
tics under our specification; Appendix balance tables report standardized mean differ-
ences for the matched samples. The key empirical fact is that once comparisons are struc-
tured within pre-war settlements and conditioned on baseline socioeconomic profile, ex-
posed and unexposed respondents exhibit substantial common support, reducing reliance
on extrapolation across fundamentally different local contexts. Exposure to wartime harm
is not randomly assigned across Ukraine, but much of the systematic variation operates
at the level of pre-war place and baseline socioeconomic position. We therefore structure
comparisons within respondents’ pre-war settlement, which absorbs locality-level deter-
minants of both exposure risk and baseline preferences (prewar development, local labor
markets, infrastructure, distance to frontline), while avoiding post-treatment conditioning
that would arise from using current residence. Within settlements, we condition on pre-
treatment demographics and socioeconomic characteristics - in particular education and
occupation - chosen to address the most plausible within-settlement confounding channel
in larger localities: baseline socioeconomic sorting that shapes both (i) where people live
and work within a settlement and thus their exposure risk, and (ii) baseline orientation
toward technology, innovation, and the role of the state in reconstruction. Conditional on
pre-war settlement and this pre-treatment profile, remaining variation in direct exposure
(e.g., whether a home is damaged or a family member is harmed) plausibly reflects the re-
alized incidence of violence rather than latent tastes for allocating a fixed recovery budget
toward R&D. We interpret the resulting estimates as causal under a standard selection-
on-observables assumption and quantify robustness to residual confounding using Oster
coefficient-stability bounds and Rosenbaum sensitivity analysis (Appendix Tables F.1 and
G.1). If our identification strategy holds, then after accounting for settlement and gen-
der, the distributions of propensity scores for exposed and not directly exposed individ-

uals should be similar. To verify this, we first condition on settlement and gender and
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then inspect the propensity score distributions separately. Under proper identification as-
sumptions, differences in these distributions after conditioning on settlement and gender
should be minimal, as settlement characteristics largely determine exposure to conflict.

We estimate propensity scores by running a logistic regression of exposure status (Eco-
nomic or Family) on pre-treatment covariates. The resulting scores provide the estimated
probability of experiencing each exposure type for each individual. Figure 3 presents
the results for Family exposure, Figure D.1 of the Appendix provides results for Eco-
nomic exposure. The top row of Figure 3 illustrates these gender-specific distributions
of propensity scores before reweighting for settlement for Family exposure. Initially, the
distributions differ substantially between groups. However, these differences are unsur-
prising, as settlement location largely dictates exposure probabilities. When we reweight
respondents within the control group to match the settlement distribution of those direc-
tky exposed, we achieve satisfactory - though imperfect - balance, suggesting that our con-
ditioning effectively accounts for geographic differences driving exposure. Similarly, The
top row of Figure D.1 illustrates these gender-specific distributions of propensity scores
before reweighting for settlement for Economic exposure. The bottom row presents the
reweighted propensity score distributions, which are much better balanced.

After accounting for pre-war settlement and baseline covariates, treated and control
propensity-score distributions still differ enough to make unadjusted comparisons unattrac-
tive. We therefore estimate effects using three complementary designs: Coarsened Ex-
act Matching (CEM), one-to-one nearest-neighbor propensity-score matching (PSM), and
kernel balancing. Across civilian specifications, the conditioning set includes pre-war set-
tlement, gender, age, education, and occupation, chosen to target the main observable
predictors of exposure. In the military sample, where covariate information is more lim-
ited, we match on pre-war location and age and restrict attention to men of conscription-
eligible age. Our baseline PSM design is one-to-one nearest-neighbor matching with re-
placement within pre-war settlement, with standard errors clustered at the matched con-
trol identifier. Exact matching within pre-war settlement restricts the analysis to settle-
ments with common support; the baseline design retains the majority of treated observa-
tions for economic exposure and a smaller but still substantial matched sample for family

harm (Appendix Table H1). Because Ukraine contains many small settlements with few
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CEM Sample vs Whole Sample PSM Sample vs Whole Sample
Density plot of census weights Density plot of census weights
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(a) CEM: matched vs whole sample (b) PSM: matched vs whole sample

Figure 2: Density of census weights. The matched-sample density closely overlaps the
whole-sample density in both CEM and PSM. Similar shapes and tails indicate that match-
ing does not rely on extreme-weight cases.

respondents, some treated observations necessarily fall outside support. The resulting
estimates should therefore be interpreted as effects for the treated respondents observed
within overlapping settlements.

The main concern with employing matching techniques, is that the retained units are
systematically different from the rest of the sample in a way that is related to the outcome.
For example, it is easier to find a match in a bigger settlement than in a small village - but
people from large cities can have different attitudes toward government R&D investment
and its preferred direction, different attitudes toward technology and technology-related
policies, leading to sample-selection bias. We cannot test the representativeness of the
matched sample on all possible relevant variables. Beyond matching and balancing co-
variates, we do not have access to pre-treatment outcomes to test the achieved balance.
Hence, we utilize the Census Weights KIIS provides with its omnibus survey for all re-
spondents.

Figure 2 compares the kernel densities of census weights in the whole survey and in
the matched samples. The curves almost coincide. The matched samples do not over-
represent very large or very small weights. The right tails align with the full sample.
Matching therefore does not concentrate on unusual or unrepresentative observations, at

least along this dimension.
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3.3 Matching and Balancing

Our outcome is the share of a post-war budget that respondents allocate to R&D. The
treatment is wartime exposure (casualty or property/displacement), which is not ran-
domly assigned. We therefore rely on adjustment for observables under conditional ig-
norability and overlap (Rosenbaum and Rubin, 1983; Rubin, 2008). To reduce model de-
pendence and to probe robustness, we implement three complementary design strategies:
Coarsened Exact Matching (CEM), Propensity-Score methods (PSM), and Kernel Balanc-
ing (KBal). We keep the estimand fixed as the ATT,

F=EY(1)-Y(0)|T=1],

and judge success by balance diagnostics (standardized mean differences, variance ra-
tios), effective sample size, and overlap plots (Stuart, 2010; Austin, 2011; Crump et al,,
2009). Using multiple, principled designs is a form of triangulation that guards against
researchadesign dependence (Steegen et al., 2016).

CEM discretizes pre-treatment covariates into bins chosen ex ante and forms exact
matches within coarsened strata, dropping observations outside common support and
reweighting the remainder (lacus et al., 2012). We use CEM to (i) impose transparent,
monotonic bounds on imbalance by design (the MIB property), and (ii) trim regions with
weak overlap that would otherwise drive extrapolation (lacus et al., 2012; Crump et al,,
2009). Because results can depend on cutpoints, CEM alone is not our final estimator
(Black et al., 2022).

PSM reduces high-dimensional adjustment to a scalar propensity score e¢(X) and then
matches treated respondents to observationally similar controls on é(X') (Rosenbaum and
Rubin, 1983; Stuart, 2010; Ho et al., 2007). Our implementation uses one-to-one nearest-
neighbor matching with replacement within pre-war settlement, which allows us to pre-
serve transparent treated—control comparisons while respecting the strongest geographic
source of exposure assignment. PSM therefore provides a design-based estimate of the
ATT that is easy to interpret and directly comparable to CEM and KBAL. Appendix Ta-
ble E.1 presents balance diagnostics for the matched samples, and Table H1 reports matched-

sample coverage. Common support is more limited for family than for economic expo-
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sure, consistent with family harm being more spatially concentrated across settlements;
those estimates therefore identify effects for the subset of treated respondents observed in
settlements where both exposed and unexposed individuals are present.

Kernel Balancing chooses nonnegative weights on controls so that the treated and
weighted controls have (approximately) equal means on a rich set of nonlinear features
induced by gaussian kernel; when the nonatreatment potential outcome lies in the corre-
sponding Hilbert kernel space, the ATT is unbiased and remaining bias is bounded (Ha-
zlett, 2020). KBAL directly targets mean balance in a high-dimensional function space,
addressing nonlinear confounding without manual specification of interactions. Agree-
ment of estimates across these approaches materially strengthens the credibility of our

causal claims (Rubin, 2008; Steegen et al., 2016).
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Figure 3: Propensity Score Distributions for treated and untreated: family harmed
Notes: Propensity scores distributions for the Family Harm. Top panel - Top panel 4 Without controlling
for settlement, the propensity score model differentiates individuals likely to experience family harm from
those who are not based on their covariates. Bottom panel & After weighting the data, the propensity score
distributions of harmed and unharmed individuals become more similar.
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4 Results

There are several groups of outcomes we consider in the study. The first group re-
flects the preferences over allocation of hypothetical post-war reconstruction budget to-
wards innovation, and direction of investment in technology. The second group reflects
broad attitudes towards technology and its role in society, attitudes towards technological
sovereignty, and attitudes towards the role scientists during the war. Finally, we explore
considerations that drive preferences over investment in domestic versus purchasing for-
eign technology. We describe both measurement of these outcomes and theoretical expec-

tations below. We report all results for both types of war exposure.

4.1 Preferences over Budget Allocation

Our main outcome of interest is respondents’ preferences regarding government bud-
get allocation during post-war reconstruction. Specifically, we asked participants to dis-
tribute a hypothetical budget of 100 units across several spending prioritiesdhealthcare,
infrastructure, technology, education, and tax relief. This design captures not only the
share of resources respondents allocate to technological development but also their rel-
ative trade-offs across competing priorities, while tax relief category allows respondents
who prefer a different, non-listed spending category to reflect their preferences through
lower allocations to the listed options.

During peacetime, public support for government spending is often mixed: citizens
tend to resist higher taxation yet are reluctant to cut valued programs, including social
welfare benefits (Branham and Jessee, 2017; Tuxhorn and Kurzban, 2021). Wartime con-
texts typically shift this equilibrium. Governments can raise revenues more readily when
conflict heightens collective purpose and reduces opposition to taxation (Besley and Pers-
son, 2009). Major wars have historically expanded fiscal capacity through new taxes, debt
financing, and broader acceptance of state intervention (Bank and Thorndike, 2008; Tilly,
1975). In our design, other spending categories capture this general rally-around-the-flag
effect, allowing us to interpret higher allocations to R&D as evidence of a distinct prefer-
ence for technology-driven reconstruction rather than a generic rise in support for public

spending. We specifically analyze and report only the share of budget respondents allo-
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cate to technological development.

Figure 4 reports average treatment effects on the treated (ATT) for the willingness to
invest in technology. Squares, circles, and triangles denote CEM, PSM, and KBAL; hori-
zontal bars are 90% confidence intervals. Respondents with Econ exposure prefer govern-
ment R&D expenditures to be roughly 2-4 units higher relative to control. The effects of
Family exposure are again positive, about 1.5-3.5 units, with overlapping intervals. These
magnitudes are substantively similar across types pf exposure and estimators. They are
also substantively meaningful - in developed countries, total R&D expenditures rarely
exceed 2.5% of GDP.

The effects of active military service are larger. The Military None contrast compares
respondents on active military duty to unharmed civilians. Point estimates are about 6-8
units and clearly exceed the civilian effects, though the intervals are wide. The Military
Exposed contrast is harder to interpret causally because it conditions on other exposure
types, which are plausibly post-treatment. Still, it is descriptively useful: it compares ser-
vice members to civilians matched on exposure status as well as location and age, help-
ing isolate the component of the difference more directly associated with service. The
estimates remain positive but are smaller, about 4-6 units. This attenuation is expected
because matching on exposure absorbs part of the difference attributable to harm and
displacement rather than service per se.

Across designs the sign is stable and positive. The biggest effects come from conscrip-
tion into military, the lowest - from family exposure. Uncertainty is greatest in the military
samples, reflecting smaller effective sample sizes.

To further clarify respondents’ attitudes toward technological priorities, we asked them
to allocate 100 hypothetical units of government spending across five distinct categories
of technological progress: Information Technology (IT) and Artificial Intelligence (Al);
Healthcare Innovation; Military Technology; Advanced Manufacturing; and Basic Re-
search (e.g., theoretical physics and mathematics). These precise allocations serve as di-
rect measures of preferred directions for technological development in Ukraine’s post-war
context.

Figure 5 displays ATT coefficients for five R&D categories (Basic Tech, Manufactur-

ing, Al & Communication, Healthcare, Military) across four samples: Economic exposure,
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Figure 4: ATT estimates for the outcome “Invest in Technology.” Shapes mark estimators
(CEM, PSM, KBAL); bars show 90% confidence intervals. Civilian contrasts (Econ, Fam-
ily) yield positive effects of about 2-4 and 1.5-3.5 units, respectively. Military contrasts are
larger: Military None is about 6-8 units; Military Exposed is about 4-6 units. The attenuation
in Military Exposed reflects matching on exposure, which absorbs exposure-related differ-
ences.

Family exposure, Military - None, and Military - Exposed. Squares, circles, and triangles
correspond to CEM, PSM, and KBAL; bars are 90% Cls.

In the civilian panels (Economic and Family exposure), the clearest positive shift is
toward Military R&D. Movements in the civilian technology categories are more mixed.
Family exposure is associated with more support for Healthcare and lower support for
Manufacturing, while Economic exposure shows smaller and less systematic reallocations
across the non-military categories.

In the military panels, the strongest positive shifts are toward Healthcare, with Basic
Tech also positive in the Military-Exposed sample. Manufacturing and Al & Communi-
cation are mixed. Overall, exposure changes the preferred direction of innovation, but
not in a way that can be summarized as a uniform shift toward either military or civilian

technologies.

18



Direction of R&D Investment
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Figure 5: Direction of R&D investment: ATT estimates by category and sample. Points
denote CEM (square), PSM (circle), and KBAL (triangle); bars are 90% confidence inter-
vals. Civilian samples show a clear positive shift toward Military R&D, with mixed move-
ments in the other categories. Military samples show positive shifts in Healthcare (and,
for Military-Exposed, also in Basic Tech), while Manufacturing and Al & Communication
are mixed.

The way in which technology is acquired matters - Ukraine could benefit from catch-
up growth if it relied on foreign technology for reconstruction. The next set of questions
sheds light on the effect of war on the preferences for investing in domestic technological
capacity vs purchasing technology from abroad, and a related issue - should scientists be
conscripted for active military duty.

Purchase technology from abroad or build technologies domestically. Conscription
of Scientists

The war with Russia has accelerated nation - building processes within Ukraine, em-
phasizing Ukrainian identity and sovereignty (Dill et al., 2023; Abramenko et al., 2024).
Yet, it remains unclear whether this strengthening of national identity translates into pref-
erences about technology acquisition. A crucial dilemma facing countries behind the tech-
nological frontier is whether to develop domestic technologies independently or to import
established technologies from abroad. To capture preferences on this issue, we explicitly
ask respondents whether they prefer acquiring existing technology from abroad or de-

veloping domestic technological capacity. We create a dummy variable that takes value
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of 1 if the respondent prefers to purchase existing technology, 0 if they prefer to build
new technology domestically. A related question is attitudes towards conscription of sci-
entists. The war has severely disrupted Ukraine’s scientific community, with approxi-
mately 25% of researchers emigrating within the first months of the conflict (for Economic
Co-operation and Development, 2022; Suchikova et al., 2023; Bezvershenko et al., 2025).
Against this backdrop, conscripting scientists into military service carries significant risks
for Ukraine’s long-term recovery and technological capacity.

We measure attitudes towards the conscription of scientists by asking respondents
to indicate their level of agreement (on a 5-point Likert Scale) with statements such as
whether scientists should be conscripted during wartime. Specifically, respondents as-
sessed whether scientists, distinguished by categories such as well-known figures or those
working in crucial sectors like healthcare, should serve in the military or be exempted due
to their value to post-war recovery. For the sake of brevity, we focus on preferences for
conscription of scientists ”from all fields of study”, though the results are consistent across
options.

Theoretically, exposure by the war could drive respondents to shield scientists, recog-
nizing their importance for the nation’s reconstruction. Conversely, exposure could foster
a preference for more equitable sharing of the waras burdens, advocating equal responsi-
bility across all societal groups.

Figure 6 reports average treatment effects on the treated (ATT) for two outcomes: Im-
port Technology and Conscript All Scientists. Squares, circles, and triangles denote CEM,
PSM, and KBAL; horizontal bars are 90% confidence intervals.

For Import Technology, coefficients are negative in the civilian panels. CEM delivers the
most precise effects, around —0.17 to —0.23; PSM and KBAL are smaller and often statisti-
cally uncertain but generally share the negative sign. In the military panels, Military None
remains negative under CEM and PSM, while KBAL is closer to zero. When matching on
exposure (Military Exposed), the effect is again modestly negative (about —0.10 to —0.18).

For Conscript All Scientists, estimates are generally positive, though not every estimator
in every panel is above zero. Effects from Economic exposure and Family exposure are
small (= +0.08 to +0.20). Effects of active military service are larger: Military None is
roughly +0.4 to +0.6, and Military Exposed is of a similar magnitude. Uncertainty is greater
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in the military samples, but the positive pattern is broad rather than confined to a single

estimator.

Import Technology and Conscript All Scientists

Import Technology Conscript All Scientists
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Figure 6: ATT estimates for Import Technology (left) and Conscript All Scientists (right)
across Econ, Family, MilitarydNone, and MilitarydExposed samples. Points denote CEM
(square), PSM (circle), and KBAL (triangle); bars are 90% Cls. Importing shows small to
moderate negative effects, strongest and most precise under CEM. Conscription shows
generally positive effects, largest in the military samples.

4.2 Considerations Behind Reliance of Domestic innovation

Various known theoretical considerations may influence a country’s decision to de-
velop technological capabilities domestically or purchase existing technologies from abroad.
To investigate whether war exposure systematically influences these considerations, we
asked respondents to select the most important reason guiding their preference from the

following options:

Purchasing technology is less risky than developing our own; Building domestic tech-
nological capacity will help the economy grow;Purchasing technology from abroad is

faster; Building domestic technology is better from a strategic point of view

Those options reflect important factors behind the choice: option A speaks to the risk-

iness of domestic technological development; option B underscores the role of positive
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spillovers from domestic technological development; option C reflects the lag behind de-
veloping technology from scratch; option D speaks to the literature highlighting interna-
tional relations drivers of technological change.

Figure 7 shows average treatment effects on the treated (ATT) for four stated motives:
Faster Acquisition, Less Spillovers, Strategic Considerations, and Less Risky. Positive values
indicate a greater propensity to cite the motive. Dots are CEM, PSM, and KBAL estimates;
bars are 90% confidence intervals. The left panel uses the economic-exposure indicator
(home destroyed or forced to flee). The second panel uses the family-exposure indicator
(family member killed, injured, or currently serving in the military). The third and fourth
panels report the outcomes for conscripts on military duty.

Among the civilian panels, Less Spillovers increases in both cases. Strategic Considera-
tions is essentially zero for Economic exposure and mixed, with wide intervals, for Family
exposure. Less Risky is close to zero in the economic panel and slightly negative in the fam-
ily panel. All effects are small in magnitude (within +0.15). Overall, exposure modestly
heightens concern about domestic spillovers while leaving other stated motives largely

unchanged relative to the control group.
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Purchasing Technology from Abroad: Considerations
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Figure 7: Purchasing technology from abroad: considerations. Points are ATT estimates
from CEM (square), PSM (circle), and KBAL (triangle); bars are 90% Cls. Panel (a): eco-
nomic exposure (home destroyed or forced to flee). Panel (b): family exposure (family
member killed, injured, or currently serving in the military). Panels (c)—(d): military
sample—Military None (service members vs. unharmed civilians) and Military Exposed
(matched on other exposure). Effects are small; only Less Spillovers shows a consistent
positive shift.

Exposure to highly technological warfare could plausibly shift these attitudes in differ-
ent directions. This shift alone could explain the willingness of the government to invest
in R&D. For some, Ukraine’s dependence on foreign technology during wartimeasuch as
drones, missile defense systems, and satellite communications - highlights the benefits
of technological reliance. Conversely, the destructive use of technology during warfare
might trigger skepticism and cautious attitudes toward technological dependence, poten-

tially reshaping opinions about technology’s role in national development.

5 Robustness and Discussion

Our baseline estimates rely on matched comparisons between exposed respondents
and observationally similar controls, with exact matching constraints and rich pre-treatment
covariates. To assess how sensitive the central findings are to residual selection on unob-

servables, we complement balance diagnostics with two standard sensitivity analyses.
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Coefficient stability (Oster bounds). First, we apply the coefficient-stability approach
of Oster (2019). The logic is to use the movement in the treatment coefficient and the
R? when moving from a restricted specification (with minimal controls) to a rich spec-
ification (with the full set of pre-treatment controls) to bound the treatment effect under
assumptions about selection on unobservables relative to observables. Appendix Table F.1
reports the restricted and full estimates, the corresponding R? values, and Oster-implied
bounds using the conservative benchmark R,,.x = 1.3Rand § = 1 (equal selection on
observables and unobservables). For the main outcome, Invest in Technology, the bounded
estimates remain positive for both economic and family exposure across matching speci-
fications, indicating that the qualitative conclusion does not hinge on modest departures
from selection-on-observables. Across the full set of models in Appendix Table F.1, the
bounded effect preserves the sign of the baseline estimate in all but one case (Family ex-

posure under kernel balancing for Import Technology).

Rosenbaum bounds for matched designs. Second, we conduct Rosenbaum sensitiv-
ity analysis for matched samples (Rosenbaum, 2002). The results are presented in Table
G.1. Rosenbaum bounds quantify how large hidden bias from an unobserved confounder
would need to be to overturn inference in a matched comparison. The key parameter I
measures the maximum ratio by which two matched units may differ in the odds of treat-
ment because of unobservables; for example, I' = 1.2 means that even within a matched
pair, one unit could be up to 20% more likely to be treated due to unobserved factors.
Appendix Table G.1 reports upper-bound p-values for a grid of I' values. For Invest in
Technology, the economic- and family-exposure estimates remain statistically distinguish-
able from zero up to approximately I' ~ 1.2-1.3 (depending on the matching specifica-
tion), implying that an unobserved confounder would need to generate on the order of a
20-30% within-pair shift in treatment odds to eliminate statistical significance. For several
secondary outcomes (e.g., Import Technology), the sensitivity thresholds are comparable or
stronger. While no observational strategy can fully rule out all unobserved confounding,
the combined evidence from balance diagnostics, coefficient-stability bounds, and Rosen-
baum sensitivity analysis supports the interpretation that the main patterns are not driven

by small or mechanically plausible residual bias. Our analysis for civilian sample is based
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on respondents residing in Ukrainian-controlled territories, potentially introducing sig-
nificant selection bias favoring individuals capable and willing to leave areas that later
came under Russian occupation. For our civilian sample, we confirm that the probability
density of census weights in the whole sample overlaps almost perfectly with that in the

matched samples (Figure 2).

5.1 Mechanisms and interpretation

First, we explore whether the shift in budget-allocation preferences comes from changes
in attitudes toward technology itself.

We measure general attitudes toward technology and its role in society using questions
from the World Value Survey. Respondents indicate their level of agreement with the

following statements on a 5-point Likert Scale:

1. Because of science and technology, there will be more opportunities in life;2. Science
and technology are making our lives healthier, easier, and more comfortable; 3. We are

too dependent on science and technology; they are making our lives worse, not better.

To summarize these responses into a single coherent measure, we use Principal Com-
ponent Analysis (PCA). The first principal component accounts for approximately 70% of
the total variation across responses and thus serves as our primary index, labeled "Atti-
tudes toward Technology”.

Figure 8 summarizes average treatment effects on the treated (ATT) for the Attitudes to-
ward Technology index across four samples: Economic exposure, Family exposure, Military
with no reported exposure, and Military matched to reported exposure. Points denote es-
timates from Coarsened Exact Matching (CEM), Propensity Score Matching (PSM), and
Kernel Balancing (KBAL); horizontal bars are 90% confidence intervals.

Across the civilian Econ and Family exposure, all three estimators yield coefficients
clustered tightly around zero, and the confidence intervals straddle zero. These results
indicate no detectable shift in average attitudes toward technology. Effects of military
conscription are also clustered around zero across methods, with larger confidence in-

tervals. The absence of detectable effects on general technology attitudes is informative:
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combined with the sizable reallocations toward R&D within the fixed-sum budget task, it
suggests that exposure primarily shifts perceived policy priorities and the perceived role
of government in building technological capacity, rather than changing broad cultural at-

titudes toward science and technology.

Attitudes towards Technology
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Figure 8: Average treatment effects (ATT) for the Attitudes toward Technology index (the first
principal component of the three technology-attitude items), estimated by CEM (square),
PSM (circle), and KBAL (triangle). Bars denote 90% confidence intervals. Coefficients lie
close to zero in all samples; where intervals are wide, they encompass zero. The evidence
is consistent with substantively null effects on broad technology attitudes.

Our central claim is not simply that exposure raises “pro-technology” preferences over
budget allocation, but that it changes how respondents prioritize technology as a strategic
component of wartime recovery—including which budget items are crowded out, which
R&D domains are favored, and how respondents think about foreign procurement versus
domestic mobilization. We triangulate these channels using three complementary objects:
(i) levels and trade-offs in fixed-sum budget allocations, (ii) simplex-respecting composi-
tional tests using ILR coordinates, and (iii) mechanism outcomes that capture preferences
over import substitution and scientific mobilization. Throughout, we compare main es-

timates across matching approaches (CEM, nearest-neighbor PSM, and KBAL). The main
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patterns are stable in sign across methods; differences are primarily in precision.

Figure 4 shows that individuals with greater exposure to war (be it family exposure,
economic exposure, or conscription) favor greater investment in technology overall. Here
we briefly unpack where the technology increase comes from. Fixed-sum budgets show
the financing margins. The recovery budget allocation (Figure 9) reveals the opportu-
nity costs implied by a higher technology priority. For civilians, Economic exposure in-
creases the New Technology share by about +3 percentage points (pp), accompanied by
an increase in Education of about +2 pp and financed primarily through a reduction in
Healthcare of about —5 pp (with smaller shifts in Infrastructure and Reduce Taxes). Fam-
ily exposure also increases New Technology—around +4 pp—but the financing margin
is concentrated in Infrastructure (roughly —2 to —3 pp), with other components moving
comparatively little. In the military sample, point estimates are larger and less precise, but
the same qualitative feature emerges: technology increases are not “add-ons”; they come
from reallocations within a fixed portfolio of recovery priorities. Notably, people who lost
a home are less likely to sacrifice infrastructure, and people who have a family member
killed, injured, or currently serving in the army are less likely to sacrifice healthcare.

Because budget shares lie on a simplex, we also implement joint (composition-level)
inference using ILR coordinates (Figure 10). The bottom coordinate in this figure is explic-
itly New Technology vs rest, and it shifts positively for every exposure type, with civilian
effects around 0.3 to 0.35 ILR units and larger shifts in the military sample. On the log-ratio
scale, a change of this magnitude corresponds to a sizeable increase in the relative weight
on technology. The remaining ILR balances clarify how the non-technology remainder is
reshuffled: Economic exposure is associated with a negative healthcare balance (Health-
care vs {Infrastructure, Education, Reduce Taxes}), consistent with healthcare being an
important financing margin; in the military sample, Education vs Reduce Taxes moves
strongly positive, consistent with reallocations away from tax relief toward human capi-
tal. These patterns confirm that the technology shift appears as a coherent movement in

composition space, rather than as five separate component-by-component comparisons.

Consistency across matching methods and exposure types. Across figures, the core

comparative statics are stable across CEM/PSM/KBAL: exposure increases technology
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Recovery Budget Allocation: Mean Differences (matched pairs)
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Figure 9: Recovery budget allocation: matched-pairs mean differences (treated minus con-
trol) in percentage points with confidence intervals.

investment and increases the relative weight placed on technology in the recovery port-
folio (Figures 4, 9-10), while reducing support for importing technology and increasing
support for domestic mobilization (Figure 6). Where methods diverge (e.g., Family ex-
posure on conscription, Economic exposure on “faster acquisition”), divergence coincides
with wide intervals and is not central to the paper’s main conclusions. The exposure gra-
dient is also coherent: effects are typically smallest for Economic exposure, larger for Fam-
ily exposure, and largest for direct military exposure on the main technology-investment
outcomes and mobilization preferences.

Next, we examine whether the paper’s R&D preference patterns could be driven pri-
marily by broad attitudes about continuing the war (“war fatigue/support for war”). The
analysis uses an auxiliary item asked in a KIIS module that can be merged to the civilian
sample; the analogous item is not available in the military module, so all results focus on
civilians.

Survey item used for this analysis asks respondents to choose between (i) achiev-
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Recovery Budget Allocation: ILR Mean Differences (matched pairs)
Treated minus control; 90% CI. ILR = isometric log-ratio.
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Figure 10: Recovery budget allocation in ILR coordinates: matched-pairs mean differences
(treated minus control) with confidence intervals. The bottom coordinate is New Technol-
0gYy vs rest.

ing peace as quickly as possible (potentially involving territorial concessions) and (ii)
never giving up any territory even if the war continues.”> We code a binary indicator
WarSupport, = 1 for the “no territorial concessions” option and WarSupport, = 0 for the
“peace as quickly as possible” option.

War-support attitudes are plausibly affected by wartime exposure(economic hardship,
family injury/death), so support for war is a post-treatment variable with respect to the
exposures studied in the main text. Conditioning on such a variable can introduce post-
treatment bias (Rosenbaum, 1984). For that reason, we do not include WarSupport, as a
control in the main analysis, and we interpret the results below as descriptive diagnostics
rather than causal mediation evidence.

Using the same propensity-score matching design as in the main analysis (Rosenbaum

and Rubin, 1983; Stuart, 2010), we estimate treatment-specific propensity scores for expo-

3The original instrument also includes “difficult to say” and refusal options; we exclude these non-
substantive responses in this diagnostic.
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Figure 11: War support by exposure status in matched pairs (civilians). Points show the
mean treated—control difference in WarSupport, within matched pairs (treated minus con-
trol), separately for economic and family exposure. Error bars report the corresponding
uncertainty interval computed from the dispersion of within-pair differences.

sure (economic exposure and family exposure) as functions of pre-treatment covariates
(settlement type, gender, age, and occupation), implement nearest-neighbor matching
with replacement, and form treated—control matched pairs. For each exposure, we com-
pute the mean within-pair difference in WarSupport, (treated minus control). Figure 11
plots these mean differences with standard-error-based uncertainty intervals.

To evaluate whether war support is likely to drive R&D preferences, we examine the
relationship between WarSupport, and the R&D component of the budget allocation task
among the unexposed control group only. Restricting attention to controls avoids mechan-
ically mixing the direct effects of exposure with attitudes that may themselves be shaped
by exposure.

Figure 12 shows two complementary views: panel (a) plots the distribution of the raw
R&D allocation (in units out of 100), and panel (b) plots a simplex-respecting compo-
sitional summary using the isometric log-ratio (ILR) coordinate that compares the R&D
component to the geometric mean of the remaining budget components. Across both pan-
els, the distributions overlap substantially between WarSupport = 0 and WarSupport = 1,

suggesting that war-support attitudes are at most weakly associated with R&D allocations
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Control Group: R&D Allocation (ILR) by Support for War
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Figure 12: R&D allocations by war support in the unexposed control group (civilians).
Panel (a) shows the distribution of the raw R&D allocation (V262). Panel (b) shows the
corresponding ILR coordinate comparing the R&D share to the geometric mean of the
remaining budget shares. These plots are restricted to unexposed controls to keep the
exercise descriptive rather than post-treatment.

in the control group.

Two patterns emerge. First, exposure to wartime hardship is associated with mod-
est shifts in the A1 war-support proxy in matched pairs (Figure 11), consistent with the
idea that exposure correlates with attitudes about war continuation. Second, within the
unexposed control group, R&D allocations look similar across Al responses (Figure 12).
Taken together, these descriptive diagnostics suggest that the paper’s main R&D prefer-
ence results are unlikely to be mechanically driven by general war-support attitudes as
proxied by Al. Because Al is post-treatment, we treat this section as a robustness-style

check rather than a causal decomposition.

6 Conclusion

Our study contributes to understanding the complex interplay between war, innova-
tion, and public policy by leveraging unique empirical data from wartime Ukraine. We
provide evidence that personal experiences of war exposure significantly influence cit-
izens’ preferences toward technological innovation and policy. Our findings indicate a

clear preference among more exposed individuals for greater domestic technological in-
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vestment, driven by expectations of positive economic spillovers rather than changes in
risk tolerance or geopolitical considerations. Importantly, these shifts do not reflect a gen-
eral “rally-around-the-flag” rise in pro-government sentiment or a change in optimism
about technology itself. Rather, they reveal a reframing of the social contract: citizens ex-
posed to war come to view technological investment as a public good central to collective
recovery and security. This insight connects literatures on state capacity, innovation, and
conflict by showing that war not only destroys productive potential but can also generate
the political will to rebuild it through technology.

Moreover, we identify nuanced distinctions based on the type of exposure experi-
enced. In the civilian sample, exposure is associated with stronger support for military
technology, but the broader pattern is not a uniform shift away from civilian technologies.
Family exposure additionally raises support for healthcare-related innovation and lowers
support for manufacturing, while military exposure shifts preferences toward healthcare
and, in some specifications, basic research. Conscripts themselves do not show stronger

preferences for additional military R&D.
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A Supplementary Information

A.1 War exposure: Principal Component Analysis
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Figure A.1: Principal Component Analysis (PCA) of war exposure types

Notes: The figure visualizes the results of a PCA on reported exposure types. Arrows denote variables, with
length and direction reflecting their contribution to the principal components. Small angles between arrows
indicate positive correlations, large angles suggest negative correlations, and right angles (90A°) indicate no
correlation.
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B Summary Statistics

Table B.1: Summary statistics

Panel A: Continuous variables
Statistic  Age Survey weight (all2000)

Min. 18.00 0.08511
1st Qu.  39.00 0.55786
Median 54.00 0.77395
Mean 52.33 1.00264
3rd Qu. 65.00 1.16282
Max. 90.00 10.55906

Panel B: Categorical variables

Variable Category n %
Economic exposure  Control 1319 67.9
Treated 623 32.1
Family exposure Control 717 36.9
Treated 1225 63.1
Sex Female 1096 56.4
Male 846 43.6
Education Complete higher 866 44.6
Vocational secondary (technical school etc.) 684 352
Complete general secondary (10-11 grades) 147 76
Incomplete higher (3 years and more) 124 64
SPTU, PTU after 10-11 grades 79 4.1
Incomplete secondary (less than 10 grades) 23 1.2
All other categories® 19 1.0
Occupation Pension (because of age or disability) 652 33.6
Professional (with higher education) 427 220
Worker, farmworker 225 11.6
Servant (without higher education) 148 7.6
Householder 139 72
Entrepreneur, farmer 121 6.2
All other categories® 230 11.8

Notes: Percentages are computed out of N = 1,942
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C Types of exposure in the literature

priming experiments

Paper Type of exposure exposure Measure Outcome (Prefer-
ence/Belief)

Callen et al. |Indirect (environmen- | Admin data (local inci- | Higher risk aversion (cer-

(2014) tal) exposure dents, geocoded), fear-|tainty premium)

Gilligan et al

Community-level vi-

Conflict intensity in com-

Greater social capital and

rect trauma (combat)

bat trauma

(2014) olence munities (quasi-random | cooperation

variation)
Giuliano & | Indirect (ambient) | Historical intensity (local | Increased risk aversion and
Spilimbergo war exposure (child- | war fatalities per capita) |reduced trust
(2024) hood)
Kibris & Uler | Indirect (deployment|Random conscription as- |Mixed effects:  indirect
(2023) in warzone) and di- | signment, survey of com- | (more risk tolerance), direct

trauma (extreme risk aver-
sion)

Zhukov & Tali- | Indirect (fam- | Archival data on Stalin- | Reduced political participa-

bova (2018) ily /community era repression tion
historical =~ persecu-
tion)

Blattman (2009) | Direct personal harm | Survey (former abductees | Increased political engage-
(abduction as child | vs. non-abductees) ment and voting
soldier)

Voors et al. |Direct (personal and |Survey of personal/ |Increased risk tolerance

(2012) household) harm household war exposure |(more risk-taking), greater

local altruism

Bauer et al. |Direct personal expo- | Survey, behavioral exper- | Greater prosocial behavior

(2016) sure (injury, displace- |iments across multiple | and civic involvement
ment) studies

Moya (2018) Direct personal expo- | Surveys measuring sever- | Higher risk aversion (finan-
sure (physical harm, |ity and recency of vio-|cial decisions)
displacement) lence

Hazlett (2020) | Direct personal harm | Natural experiment (ran- | Increased pro-peace atti-
(injury) dom village targeting, |tudes, reduced revenge-

refugee survey) seeking
Table C.1: Summary of Literature on Conflict exposure and Preferences
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D Propensity Score Distributions: Unweighted and Reweighted
(Economic Treatment)
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Figure D.1: Propensity Score Distributions: Unweighted and Reweighted (Economic
Treatment)

Notes: Propensity scores distributions for the Econ Harm. Top panel - Without controlling for settlement, the
propensity score model differentiates individuals likely to experience economic harm from those who are
not based on their covariates. Bottom panel - after weighting the data, harmed and unharmed individuals
have the more similar propensity score distributions
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E Balance tables for Civilian Sample

Table E.1: Covariate Balance P-values by Model and Exposure Type

Chi-squared p-values t-test p-values

Model exposure female occupation nationality age  Census weights

PSM  Economic 0.339  0.712 0.379 0.072 0.743
PSM  Family 0204 0.813 0.261 0.667 0.730
CEM  Economic 1.000  1.000 0.003 0.979 0.002
CEM  Family 1.000  1.000 0.000 0.726 0.001

F Oster Bounds

To assess sensitivity to residual omitted-variable bias, we apply the coefficient-stability
approach of Oster (2019). For each outcome and matching approach, we estimate (i) a
restricted regression including only the treatment indicator, yielding (3%, R%), and (ii) a
full regression that additionally includes the full set of pre-treatment covariates used in the
matching stage, yielding (5, R%). We then compute the implied Oster bound #* under
proportional selection on observables and unobservables with 6 = 1 and R%, = 1.3 x R%
(capped at 1). Appendix Table E.1 reports 5%, 5, *, the corresponding R? values, and
the analysis-sample size N for each model.

The outcomes that anchor the paper’s interpretation are also the most stable under the
Oster calibration. In particular, Import Technology and Less Spillovers are extremely robust:
across exposures and across CEM/PSM/KBAL, the bounded coefficients 3* remain very
close to the full estimates 3 and never change sign. For Inport Technology, full-sample co-
efficients range from about —0.21 to —0.08, with corresponding bounds from about —0.21
to —0.08; for Less Spillovers, full estimates range from about 0.07 to 0.18, with bounds from
about 0.07 to 0.17 (Table F.1). This near-invariance indicates that, under § = 1, selection
on unobservables of comparable strength to selection on observables would not overturn
the sign or substantive magnitude of these mechanism results.

The Invest in Technology outcome is also robust: the Oster bound remains positive in
every specification, and in most cases it is at least as large as the full estimate. For example,
under CEM the Economic- -exposure estimate increases from BF = 297 to 6 = 3.49, and
under KBAL from ¥ = 9.01 to 3* = 11.25. The most conservative attenuation occurs for
Economic exposure under PSM, where the bound shrinks from 6F = 0.47 to 6 = 0.33;
importantly, even in this case the effect remains economically meaningful and does not
approach zero (Table F.1). Among the substantive outcomes, this PSM-Economic case
is therefore the least robust margin (largest attenuation), but still consistent with the our
main conclusion that exposure increases support for technology investment.

The least robust outcome is the broad Attitudes toward Technology index: effects are
small throughout, and in one case (Family exposure under CEM) the bound crosses zero

(6" = —0.0008 vs. 3* = 0.0017). This is substantively negligible, and it aligns with the
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Table F.1: Oster (2019) coefficient-stability bounds

Model label Brestricted  Bfull Bbound Rl?estricted Rf2u11 Rr2na.x N
Invest in Technology

Invest in Technology (Econ - PSM) 0.931 0472 0.333 0.001 0.128 0.166 505
Invest in Technology (Econ - CEM) 1246 2967 3.492 0.001 0.087 0.113 568
Invest in Technology (Econ - KBAL) 1.537 9.011 11.253 0.000 0.384 0.499 1053
Invest in Technology (Family - PSM) 1.929 1900 1.891 0.003 0.116 0.150 917
Invest in Technology (Family - CEM) 0.847 2.768 3.346 0.001 0.121 0.158 914
Invest in Technology (Family - KBAL) -0.122  1.697 2.243 0.000 0.414 0.538 1622
Import Technolo§y

Import Technology (Econ - PSM) -0.140 -0.149 -0.152 0.023 0.181 0.236 483
Import Technology (Econ - CEM) -0.187 -0.205 -0.213 0.048 0.169 0.220 514
Import Technology (Econ - KBAL) -0.050 -0.119 -0.139 0.004 0335 0435 995
Import Technology (Family - PSM) -0.076 -0.089 -0.093 0.008 0.128 0.167 874
Import Technology (Family - CEM) -0.164 -0.170 -0.173 0.039 0.141 0.183 830
Import Technology (Family - KBAL) -0.069 -0.079 -0.082 0.007 0.369 0.479 1549
Less Spillovers

Less Spillovers (Econ - PSM) 0.078 0.095 0.100 0.005 0.156 0.203 485
Less Spillovers (Econ - CEM) 0.203 0.176 0.165 0.043 0.143 0.185 522
Less Spillovers (Econ - KBAL) 0.078 0.113 0.123 0.006 0.390 0.507 985
Less Spillovers (Family - PSM) 0.063 0.081 0.087 0.003 0.158 0.205 891
Less Spillovers (Family - CEM) 0.108 0.107 0.106 0.013 0.124 0.161 834
Less Spillovers (Family - KBAL) 0.086 0.070 0.065 0.006 0.421 0.547 1575
Attitudes toward Technolo,

Attitudes toward Technc%(/)gy (Econ - PSM) -0.008 -0.005 -0.004 0.001 0.122 0.159 507
Attitudes toward Technology (Econ - CEM) -0.018 -0.045 -0.053 0.004 0.583 0.759 550
Attitudes toward Technology (Econ - KBAL) -0.005 -0.011 -0.012 0.000 0.422 0.548 1017
Attitudes toward Technology (Family - PSM) -0.011 -0.008 -0.007 0.001 0.101 0.131 893
Attitudes toward Technology (Family - CEM) -0.009 -0.001 0.002 0.001 0.120 0.156 894
Attitudes toward Technology (Family - KBAL) -0.007 -0.011 -0.012 0.000 0.467 0.607 1571

Notes: Brestricted and Rfestricted come from a regression with only the treatment indicator;
Bran and R?un come from the corresponding regression including the full set of controls

used in the matching/reweighting procedure for that method. The Oster bound Bbound is
computed under proportional selection § = 1 and R2,, = min{1.3 x R3,,1}. See Oster
(2019).
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broader pattern that exposure does not reliably shift diffuse “tech optimism” even when
it shifts strategic technology-policy preferences. Notably, 23 out of 24 Oster bounds in
Table F.1 preserve the sign of the full estimate; the only sign reversal is this near-zero
attitudes case.

While Oster bounds are not a substitute for identification, they provide a conservative
and widely used sensitivity check. In our setting, the Oster exercise strengthens the credi-
bility of the paperds mechanism narrative: the key policy-relevant outcomes—technology
investment, lower support for importing technology, and higher concern about spillovers
from foreign procurement—remain stable in sign and similar in magnitude under the
0 = 1 calibration (Table F.1). At the same time, the fragility of the broad attitudes index
(combined with its near-zero magnitude) supports the interpretation that exposure pri-
marily changes strategic priorities and trade-offs, rather than generating a blanket shift in
pro-technology sentiment.

44



Supplementary Information

G Rosenbaum Sensitivity bounds

Sensitivity to unobserved confounding (Rosenbaum bounds). Because matching guar-
antees balance only on observed covariates, we assess how sensitive our matched-pairs
conclusions are to residual selection on unobservables using Rosenbaum’s (2002) sensitivity
analysis (Rosenbaum, 2002). The framework posits that, within a matched pair, treatment
assignment may still depend on an unobserved scalar u € [0, 1]. The sensitivity parameter
I' > 1 bounds the maximal impact of this unobserved factor on treatment odds: for two
matched individuals a and b, the ratio of their odds of exposure satisfies

1 7o/ (1 — mg)
TS mjiom) =5

where 7 is the probability of exposure conditional on observed covariates and the unob-
served factor. This has a particularly intuitive implication in matched pairs: if I' = 1,
exposure is as-if random within the pair (7 = 0.5). If I' > 1, the “higher-odds” unit can
be exposed with probability as high as I'/(1 +I') (and the other aslow as 1/(1 +TI)). Con-
cretely, I' = 1.1 permits at most a 0.524 vs. 0.476 split; I' = 1.2 permits 0.545 vs. 0.455;
I' = 1.3 permits 0.565 vs. 0.435; and I' = 1.5 permits 0.60 vs. 0.40. For each model we
compute worst-case p-values over all hidden-bias configurations consistent with I" in the
direction of the estimated effect, and we summarize robustness via I'*, the smallest I" at
which the result becomes statistically insignificant at the 5% level (Appendix Table G.1).

The Rosenbaum calculations indicate that the headline effect on Invest in Technology
is robust to modest hidden bias, and (in one key case) to moderate hidden bias. Under
propensity-score nearest-neighbor matching (PSM), the Economic-exposure estimate re-
mains significant at I' = 1.1 (worst-case p = 0.0127) but becomes insignificant at I' = 1.2
(p = 0.0578). An unobserved confounder would need to generate exposure-odds differ-
ences of at least about 20% within matched pairs—i.e., push within-pair assignment prob-
abilities toward roughly 0.545 vs. 0.455—to eliminate statistical significance for this mar-
gin. The corresponding CEM specification shows a similar pattern: p(I' = 1.0) = 0.0045,
p(l.1) = 0.0245, and p(1.2) = 0.0830, so I'* = 1.2 as well. In contrast, the Family-
exposure effect is more resilient under PSM: it remains highly significant through I' = 1.2
(p = 0.0087) and only loses significance at I' = 1.3 (p = 0.0609). In words, to remove
statistical significance for Family—PSM Invest in Technology, hidden bias would need to be
strong enough to allow up to a 30% difference in exposure odds within pairs (assignment
probabilities as imbalanced as 0.565 vs. 0.435). The Family—CEM result is somewhat less
robust: it remains significant at I' = 1.1 (p = 0.0378) but not at I' = 1.2 (p = 0.1549).
Taken together, the investment result survives a nontrivial amount of within-pair selec-
tion on unobservables; the most robust investment margin is Family exposure under PSM
(I'* = 1.3), while the remaining investment specifications are robust through I' ~ 1.1 and
break around I' ~ 1.2.

Appendix Table G.1 also clarifies robustness across outcomes. The most robust results
are those that remain significant through I' = 1.5 (reported as I'* > 1.5): notably, the Im-
port Technology estimates under CEM for both Economic and Family exposure, as well as
Less Spillovers under Economic exposure (CEM). These margins would require very large
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Table G.1: Rosenbaum sensitivity analysis for matched-pairs estimates

Exposure Method Npais p(I'=1.0) p(1.1) p(1.2) p(1.3)  p(1.4) p(1.5) r*

Invest in Technology

Economic PSM 369  0.0015 0.0127 0.0578 0.1667  0.3420 0.5454 1.2
Economic CEM 284  0.0045 0.0245 0.0830 0.1978  0.3613 0.5417 1.2
Family PSM 672 < 0.0001  0.0005 0.0087 0.0609  0.2180 0.4741 1.3
Family CEM 457 0.0045 0.0378 0.1549 0.3758  0.6294 0.8245 1.2
Import Technology

Economic PSM 349  0.0108 0.0391 0.1012 0.2034  0.3379 0.4856 1.2
Economic CEM 257 < 0.0001 < 0.0001 < 0.0001 0.0001 0.0005 0.0013 > 1.5
Family PSM 643  0.0092 0.0432 0.1291 0.2760  0.4603 0.6410 1.2
Family CEM 415 < 0.0001 < 0.0001 < 0.0001 < 0.0001 0.0001 0.0003 > 1.5
Less Spillovers

Economic PSM 346  0.0044 0.0217 0.0699 0.1634 0.3006 0.4613 1.2
Economic CEM 261 < 0.0001 < 0.0001  0.0001 0.0003  0.0012 0.0038 > 1.5
Family PSM 651  0.0225 0.1202 0.3379 0.6088  0.8211 0.9357 1.1
Family CEM 417 0.0004 0.0030 0.0146 0.0483 0.1187 0.2307 1.4

Notes: The table reports p-values from Rosenbaumads sensitivity analysis for
matched pairs (Rosenbaum, 2002). I' > 1 bounds the extent of hidden bias
within matched pairs: two matched units may differ in their odds of treatment
by at most a factor I' due to an unobserved confounder. I'* is the smallest I
at which the p-value exceeds 0.05; entries of > 1.5 remain significant through
I'=1.5.
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within-pair odds imbalances—on the order of a 50% difference in odds (60—40 assign-
ment probabilities)—to be rendered insignificant under the Rosenbaum calibration. At
the other extreme, the comparatively most fragile margin is Less Spillovers under Family
exposure with PSM, which becomes insignificant already at I' = 1.1 (I'* = 1.1). Most PSM
results lie between these extremes, typically losing significance around I' ~ 1.2, indicat-
ing robustness to small hidden bias but sensitivity to larger deviations from conditional
random assignment.

Rosenbaum bounds do not identify the causal effect; rather, they quantify how strong
an unobserved factor would need to be—in terms of within-pair exposure odds—to overturn
the matched-pairs inference. In our context, the bounds support the credibility of the core
technology-investment result (especially for Family exposure under PSM) and indicate
that the procurement/autonomy mechanism results estimated under CEM are particu-
larly resilient, while also transparently flagging which specifications are more sensitive to
potential residual selection.

H Compositional robustness checks

H.1 Where does R&D funding come from?

The main focus of the paper is on preferences for government investment in R&D, yet
it may be of interest to see what options finance this shift. Figure H1 reports matched-
pair mean differences for the five-part recovery-budget allocation (units of budget sum to
100 within respondent) for within-pair treated—control differences after propensity-score
matching. Specifically, for each treatment we construct 1:1 matched pairs using observed
covariates and then compute, for each category £, the matched-pair difference A;; =
yg) — yf,f ) (in percentage points). We summarize effects by the mean of A;; across pairs
and report 90% confidence intervals based on the dispersion of the paired differences
(Rosenbaum and Rubin, 1983; Stuart, 2010; Abadie and Imbens, 2006).

Several patterns emerge. First, under the economic exposure treatment, the largest move-
ment is a sizable reduction in the healthcare share of the budget (roughly 4-5 percentage
points), accompanied by increases in “new technology” and (to a lesser extent) education
and infrastructure. Second, under the family exposure treatment, support for “new technol-
ogy” increases (roughly 3 percentage points) while healthcare changes little; the offsetting
reductions are concentrated in infrastructure (and to a lesser extent education). Taken
together, these patterns are consistent with the interpretation that family exposure is asso-
ciated with a shift toward new technology that is not financed by reducing healthcare (i.e.,
respondents do not “sacrifice healthcare for new technology”), whereas economic expo-
sure does not appear to reduce the infrastructure share (if anything it is slightly higher in
treated units), with the main offset coming from healthcare. These agree with the expec-
tation that people who lost their homes are less likely to sacrifice investment in infrastruc-
ture recovery, while people whose family members were killed /injured or are currently
in the army are less likely to sacrifice healthcare expenditures and serve as a sanity check
for our analysis .

We then repeat the analysis for the R&D-allocation task, investigating preferences over
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H.1 Where does R&D funding come from? Supplementary Information

Figure H1: Matched-pair mean differences in recovery-budget shares

PSM Matched Pairs: Mean Budget Allocation Differences
Difference scale; 90% Cl. * = significant at 10%.
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H.2 ILR-based tests of compositional shifts in matched pairSupplementary Information

the direction of technological change. While both treated groups in the civilian sample
favor military technology, the broader pattern is similar to the one observed for the general
recovery budget: family exposure is associated with more investment in health-related
technologies and less in manufacturing, while economic exposure shows smaller and less
systematic shifts across the non-military categories.

Figure H2: Matched-pair mean differences in R&D-allocation/direction shares
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H.2 ILR-based tests of compositional shifts in matched pairs

Budget allocations are compositional: respondents distribute 100 points across cat-
egories, so only relative shares are meaningful and the observations lie on the simplex
(Aitchison, 1982). To respect the adding-up constraint, we re-express each allocation as
proportions, apply a small replacement constant for zero shares (followed by renormal-
ization), and use the isometric log-ratio (ilr) transformation, which maps a K-part compo-
sition to K — 1 orthonormal coordinates in RX~! (Egozcue et al., 2003).

We implement propensity score matching (nearest-neighbor) to form treated—control
matched pairs and compute within-pair differences in ilr coordinates (treated minus matched
control) (Rosenbaum and Rubin, 1983; Ho et al., 2007). For each treatment and block, we
test whether the mean ilr-difference vector equals zero using Hotelling’s 77 one-sample
test (Hotelling, 1931). Because individual ilr coordinates depend on the choice of or-
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thonormal basis, we emphasize the joint 7 test; coordinate-specific mean differences are
reported descriptively.

Table H1 reports results for two blocks: (i) the recovery-budget allocation block and (ii)
the R&D-allocation/direction block. The joint test indicates statistically significant com-
positional shifts in the recovery-budget block for both treatments, no evidence of a com-
positional shift in the R&D block under the economic treatment, and marginal evidence
under the family treatment.

Table H1: Compositional shifts in budget allocations (ilr / Hotelling 7%), matched pairs

Treatment Block N T2 F(4,N—4) D Mean ilr difference
(Azy,...,Azyq)

Economic Budget: R&D 334 13.2736 3.2885 0.0116 (—0.35, —0.13, —0.01, 0.20)

Family Budget: R&D 577 22.0814 5.4916 0.00024 (—0.15, —0.13, —0.28, 0.18)

Economic R&D budget: Military 339  0.2687 0.0666 0.9920  (—0.02, —0.06, —0.01, —0.01)
Family R&D budget: Military 597  8.9845 2.2348 0.0640  (0.11, 0.10, 0.15, —0.09)

Notes: Each row reports Hotellingas 72 test applied to within-pair differences in ilr coordinates (treated
minus matched control) for a five-part composition (K = 5, hence four ilr coordinates). The reported I’
statistic is the standard 7% — F transformation under the null of zero mean shift. Coordinate-specific
means depend on the ilr basis and are not interpreted individually.

Figure H3 provides the corresponding coordinate-level plot for the recovery-budget
composition. It is useful descriptively, but because individual ilr coordinates depend on

the chosen orthonormal basis, the main inferential object remains the joint Hotelling’s 7
test reported in Table H1.

I Matched-sample coverage and common support

Table H1: Matched-sample coverage and common support

Exposure Matching method Treated eligible (N7) Treated matched (V') Retained (%)
Economic PSM (NN, with replacement) 623 362 58.1
Economic CEM 623 125 20.1
Family PSM (NN, with replacement) 1225 209-220 17.1-18.0
Family CEM 1225 199-217 16.2-17.7

Notes. Nt counts treated respondents eligible for each outcome after applying outcome-specific filters
and removing missing values. N} counts treated respondents for whom a valid match exists under
exact matching within pre-war settlement (common support). Because outcomes have small amounts
of missingness, Nj* varies slightly across outcomes; regression tables report the exact NV used in each
specification. Matching is performed with replacement; inference clusters by the matched control
identifier.
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Figure H3: Recovery-budget composition in ilr coordinates: matched-pair mean differ-
ences

Recovery Budget Allocation: ILR Mean Differences (matched pairs)
Treated minus control; 90% CI. ILR = isometric log-ratio.
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Notes: The plotted coordinates are the orthonormal ilr balances for the five-part recovery-budget com-
position. The bottom coordinate compares New Technology to the geometric mean of the remaining
categories. Positive values indicate a higher relative budget weight among treated respondents than
among their matched controls. Because coordinate interpretations depend on the chosen balance ba-
sis, the figure is descriptive and the joint Hotelling’s T test in Table H1 remains the main inferential
object.
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