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Abstract

This research note introduces a 24-item survey module for measuring reported scientific
decision-making (SDM) practices in organizations, reports diagnostic and within-study con-
sistency checks, and applies it to a field sample of 3,178 respondents in 54 firms. Scientific
decision-making is increasingly treated as a managerial resource, yet scalable tools to ob-
serve reported decision practices inside firms remain scarce. Main-text statistics for overall
SDM, vignette-linked outcomes, and hierarchy regressions use the headline analytic sample
(N = 2,745) under the item-weighted scoring rule described in Data and Sample. In that
sample, variation is concentrated within firms: the overall SDM intraclass correlation is 0.018,
implying that only 1.8% of variance is attributable to firm membership. Adaptive Learning, the
dimension capturing whether managers revise beliefs in response to new evidence, shows the
clearest top-tier contrast: Tier 1 managers score higher than frontline managers (unconditional
∆ = .17; with education, tenure, and decision-area controls, b = .14–.16, p < .001, with-
out and with firm fixed effects), while the other dimensions, Causal Reasoning and Evidence
Evaluation, do not show comparable top-tier patterns. SDM is also positively associated with
performance on a short within-study decision vignette (r = .19), with an approximately nine-
percentage-point top-versus-bottom-quintile gap on vignette accuracy (9.3 percentage points
before rounding). The contribution of this note is a preliminary survey module and a compact
within-study benchmark, not definitive construct validation or causal evidence on managerial
scientific reasoning.

Keywords: scientific decision-making, organizational hierarchy, measurement, evidence-based
management, survey instrument
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1 Introduction

Innovation research has long used surveys and indicators to make organizational practices visible

for research, management, and policy (Gault, 2018; Arundel et al., 2019; Alhusen et al., 2021).

Related work measures management and organization (Bloom and Van Reenen, 2010), search for

external knowledge (Laursen and Salter, 2004), organizational innovation (Evangelista and Vez-

zani, 2010), and management practices linked to innovation outcomes (Haneda and Ito, 2018). The

premise is not that surveys reveal decision quality directly, but that scoped modules can describe

practices at scale.

Scientific decision-making (SDM) creates a related measurement problem. Practices that

shape how managers formulate causal claims, evaluate evidence, and revise judgments are plausi-

bly relevant for innovation, but evidence has come mainly from interventions or adjacent literatures

rather than from scalable field measurement inside firms (Camuffo et al., 2020, 2024). Firms also

differ in how they organize access to knowledge and capture value from it (Cassiman et al., 2010,

2018). This Research Note asks whether a transparent survey module can describe how managers

report using evidence-oriented decision practices inside firms.

The natural observational unit is often the working manager in ordinary roles, consistent

with evidence that management practices vary within as well as between firms (Bloom et al., 2019).

Many upgrading programs operate through firms while targeting individual practices, so whether

variation is primarily within or between firms matters for how averages should be read; the module

makes that distributional question empirically traceable without equating self-reports with realized

decision quality.

This paper introduces a preliminary survey module for reported scientific decision-making

practices and applies it to a multi-firm field sample of respondents. The module describes three

reported practice domains: Causal Reasoning, Evidence Evaluation, and Adaptive Learning. Di-

agnostic evidence is intentionally limited in scope and is used to support field deployment rather

than to claim definitive construct validation.

As illustrative deployment evidence—rather than as freestanding empirical contributions—
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we foreground three patterns from this field application. First, observed SDM scores vary mainly

within firms rather than between firms. Second, among hierarchy patterns, Adaptive Learning

shows the clearest top-tier advantage, while the full hierarchy pattern is more mixed across dimen-

sions. Third, SDM is positively associated with vignette performance; we treat this as a within-

study consistency check, not independent criterion validation (Section 3). The paper does not

estimate returns to SDM training, identify promotion mechanisms, or claim effects on firm perfor-

mance. Its contribution is specific: a field survey module and a compact within-study benchmark

for subsequent longitudinal and outcome-linked work. Section 2 defines the construct and scor-

ing architecture; Section 3 summarizes diagnostic evidence; Section 4 reports empirical patterns;

Section 5 discusses implications and limits; and Section 6 concludes.

2 Construct and Instrument

Scientific decision-making (SDM) is conceptualized here as a reported organizational practice,

enacted by managers and teams, that may help decision-makers recognize, evaluate, and use infor-

mation under uncertainty in innovation-relevant contexts. This definition connects the “scientific”

label to an innovation-studies problem rather than to a generic virtue of rationality: firms ben-

efit from external and internal knowledge only when they can recognize its value, assimilate it,

and apply it (Cohen and Levinthal, 1990), and the value of external knowledge depends on com-

plementary internal capabilities (Crescenzi and Gagliardi, 2018). SDM is therefore treated as a

manager-level module for observing evidence-oriented practices that may matter for search, ex-

perimentation, and learning, not as a complete measure of firm absorptive capacity or realized

innovation performance.

The boundary of the construct is equally important. SDM is not generic rationality, general

analytical ability, scientific literacy, firm-level absorptive capacity, realized decision quality, or

innovation performance. It is a narrower self-report module about whether managers describe their

decision practice as involving explicit causal claims, evidence-oriented checks, and willingness to
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revise commitments. The module can support future work on those broader constructs, but it

should not be interpreted as measuring them directly.

Under formative measurement logic, the three domains are not interchangeable reflections

of a single latent trait: profiles with high Causal Reasoning but weak Evidence Evaluation, or

strong testing without belief updating, are theoretically coherent (Bollen and Lennox, 1991; Jarvis

et al., 2003; Diamantopoulos and Siguaw, 2006). It follows that global fit from reflective CFA is

not an appropriate primary criterion; poor reflective fit is an expected diagnostic under misspec-

ification rather than a refutation of the item set. Evidence for this module is therefore evaluated

through non-redundancy of indicators (variance inflation factors), experimental responsiveness to

decision frames, and a within-study vignette consistency check—not through claiming indepen-

dent reflective validation of three latent factors.

We conceptualize SDM as three analytically separable but potentially recursive practice

domains: articulating causal claims, evaluating them against evidence, and updating commitments

in light of what is learned. Causal Reasoning captures whether decision-makers make explicit

claims about how actions are expected to generate outcomes and whether those claims are stated in

ways that can in principle be checked against evidence, consistent with cognitive representations

that guide attention before full experience is available (Gavetti and Levinthal, 2000); problem

discovery in innovation teams motivates extensions but is not a separate headline construct here

(Cromwell and Harvey, 2025). Evidence Evaluation captures whether managers report designing

and interpreting informative tests rather than relying on confirmatory signals, aligned with exper-

imentation as a core innovation activity rather than a generic testing metaphor (Thomke, 1998).

Adaptive Learning captures reported willingness to revise beliefs, choices, and commitments in

response to new evidence, in line with distinctions between generating and evaluating alternatives

(Knudsen and Levinthal, 2007), managerial judgment (Bazerman and Moore, 2013), and failures

to update when evidence challenges prior commitments (Staw, 1981; March, 1991; Levinthal and

March, 1993). The components are conceptually distinct: high Causal Reasoning without Evi-

dence Evaluation yields explanations not disciplined by tests; high Evidence Evaluation without
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Adaptive Learning yields testing that does not translate into revised choices. Similar overall scores

can mask different profiles, so we interpret dimension scores alongside the composite (Alhusen

et al., 2021).

The field instrument has 24 five-point bipolar items (11 Causal Reasoning, 9 Evidence

Evaluation, 4 Adaptive Learning). Dimension scores and the overall SDM score are respondent-

level means of scored items (reverse-coding and completion rules in Online Appendix Sections A2.1

and A3.4). Qualitative grounding, expert review, the priming-based item screen, six-step design-

time mapping, ethics, and full wording appear in Online Appendix Sections A1–A2.

Each item contrasts alternative managerial orientations rather than a single “correct” pole,

which reduces transparent acquiescence relative to one-sided agree–disagree stacks, although so-

cially desirable responding remains a concern in employer-sponsored self-reports. The module is

designed for organizational deployment rather than laboratory elicitation: it complements behav-

ioral experiments and process tracing by locating variation in reported practices at scale across

individuals and firms.

3 Diagnostic Evidence

Survey evidence on complex innovation and management practices is vulnerable to wording, in-

terpretation, social desirability, and format (Cirera and Muzi, 2020; Bloom et al., 2016). Under the

formative logic in Section 2, the diagnostic questions are narrow: non-redundant indicators, poor

reflective fit as an expected misspecification diagnostic, experimental responsiveness to decision

frames, and association with a within-study vignette benchmark (MacKenzie et al., 2011; Colt-

man et al., 2008; Cenfetelli and Bassellier, 2009). Table 1 summarizes results; Online Appendix

Sections A4–A5 provide interpretation, CFA detail, priming composition, progressive vignette

models, and agreement-style checks.

Each row of Table 1 answers a narrow question and has a clear ceiling. Non-redundant

indicators (low VIFs) rule out gross collinearity among formative inputs, but they do not establish
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Table 1: Diagnostic Checks and Within-Study Benchmarks

Check Evidence

Indicator non-redundancy Item VIFs range from 1.02 to 1.23 across the 24 indicators.
Internal structure Reflective CFA models fit poorly across one-, two-, and three-factor speci-

fications (three-factor model: CFI = .418, TLI = .355, RMSEA = .054, AIC
= 100.37; listwise N = 2,745).

Experimental responsive-
ness

Random assignment to scientific, no-prime control, and intuitive decision
frames produces strongly ordered SDM scores, with a large overall effect
(F (2, 459) = 175.21, p < .001, η2 = .43; N = 462).

Vignette consistency SDM correlates with performance on a short within-study decision vignette
(r = .19, p < .001, N = 2,745).

Note. VIF = variance inflation factor. SDM = scientific decision-making. CFA = confirmatory factor
analysis. Full estimates and caveats appear in the Online Appendix (Sections A4.0–A4.3 and A5).

that the item set is complete or that each dimension label is uniquely correct. Poor fit from re-

flective CFA specifications is consistent with distinct practice bundles under formative logic, yet it

could also reflect misspecified items; it is therefore a diagnostic under an intentionally wrong re-

flective model, not affirmative evidence of the three-part architecture. The priming exercise docu-

ments responsiveness to experimentally induced decision frames, but the scientific frame overlaps

the survey content and cannot stand as independent criterion validation (Online Appendix Sec-

tion A1.2). The vignette row documents association with a differently formatted within-survey task

(r = .19); in firm-fixed-effects specifications the slope remains positive with full covariates (On-

line Appendix Section A5.4), while agreement-style checks in Section A5.5 address one response-

style channel but not all self-presentation risk. Extended interpretation of these checks, including

practice-bundle logic and experimental details, appears in Online Appendix Section A4.0.

In sum, the checks in Table 1 are mutually reinforcing but bounded: none substitutes for

external criterion data or longitudinal organizational outcomes. The vignette benchmark is docu-

mented in Online Appendix Section A2.2; the association is a within-study consistency check only

(same-team instrument, short format; progressive models Section A5.4; agreement-style checks

Section A5.5) and does not establish external validity.
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4 Empirical Patterns

4.1 Data and Sample

We apply the module to a field sample of 3,178 respondents in 54 firms. We use respondents as

the generic label. Hierarchy analyses distinguish five tiers from Tier 1 (executives and top man-

agement) through Tier 5 (frontline management), based on each respondent’s self-placement on

the firm’s hierarchy question. The survey was a voluntary, web-based organizational field de-

ployment in English, Italian, or Brazilian Portuguese. Participating firms span manufacturing,

technology and financial services, pharmaceuticals and biotechnology, and energy and related ser-

vices, recruited largely through partner organizations with strong ties to Italy and Brazil, although

respondents’ work locations are not a designed cross-national sample. Firm-level recruitment, HR

coordination, invitation metadata, sector composition, translation, and exclusion rules are docu-

mented in Online Appendix Section A3.

The empirical exercise is organized around three field-deployment questions. First, does

SDM vary mainly between firms or within firms? Second, are any dimensions systematically

associated with hierarchical position? Third, do SDM scores correspond to performance on a

differently formatted decision task? These questions establish a compact empirical pattern and

make a tractable agenda visible without overextending the design.

4.2 Within-Firm Variation

In this sample, under the mixed-effects REML estimator reported in Table 2, most observed

variation in reported SDM lies within firms rather than between firms. The estimated ICC for

overall SDM is 0.018, implying that 1.8% of variance is attributable to firm membership; sub-

dimension ICCs are 2.2% (Causal Reasoning), 5.4% (Evidence Evaluation), and 1.0% (Adap-

tive Learning). Overall SDM and Causal Reasoning and Adaptive Learning remain small rela-

tive to conventional benchmarks for meaningful group-level clustering (Bliese, 2000), while Ev-

idence Evaluation shows more detectable firm-level clustering in this sample. An equal-weight-
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by-dimension overall score reduces the firm-level ICC (Online Appendix Section A5.2), so the

headline conclusion—limited clustering for the overall index—is robust in direction but sensitive

in magnitude to aggregation choices. This cross-sectional pattern is compatible with broader ev-

idence that management practices can vary substantially within firms and plants (Bloom et al.,

2019). It does not imply that organizations are irrelevant for scientific decision-making; it implies

that firm membership alone explains little of the observed score variation in this sample.

Table 2: Between-Firm vs. Within-Firm Variance in SDM (ICC)

Variance

Construct Between-firm Within-firm ICC Between (%) N Firms

SDM Overall 0.0015 0.0810 0.018 1.8% 2,745 54
Causal Reasoning 0.0028 0.1243 0.022 2.2% 2,897 54
Evidence Evaluation 0.0097 0.1702 0.054 5.4% 2,988 54
Adaptive Learning 0.0036 0.3491 0.010 1.0% 3,111 54

Note. Random intercept model (Yij ∼ 1 + (1|firm)) estimated via REML. ICC(1) = σ2
between/(σ

2
between +

σ2
within). Between (%) is the share of total variance attributable to firm membership. N is the number of

managers with non-missing scores for the listed outcome.

4.3 Hierarchy and Adaptive Learning

The clearest hierarchy pattern is not a general seniority gradient. It is a top-tier advantage in Adap-

tive Learning. This pattern is best interpreted against literatures on where innovation decisions and

external-knowledge use sit inside organizations: delegation of innovation decisions depends on

innovation strategy and the nature of external knowledge (Colombo et al., 2021), and firms’ ability

to benefit from external knowledge depends on internal absorptive capacity (Cohen and Levinthal,

1990; Crescenzi and Gagliardi, 2018). Table 3 reports a compact Tier 1-versus-frontline contrast

by dimension with and without firm fixed effects; full five-tier estimates and mixed patterns on

other tiers and dimensions appear in Online Appendix Sections A5.3 and A5.3b (the latter repli-

cates hierarchy using a permissive overall-score rule). Decision-area controls refer to dummies for

corporate strategy, competitive strategy, internal transformation, external stakeholders, and human
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resources.

Table 3: Tier 1 (Top Management) Versus Frontline: Compact Dimension Summary

Outcome No Firm FE Firm FE

Overall SDM 0.04 0.02
(0.02) (0.02)

Causal Reasoning 0.05 0.03
(0.03) (0.03)

Evidence Evaluation 0.01 -0.03
(0.03) (0.03)

Adaptive Learning 0.14*** 0.16***
(0.04) (0.04)

Controls Educ., tenure, decision-area Educ., tenure, decision-area
N 2,745–3,111 2,745–3,111
Firms 54 54

Note. Coefficients shown for Tier 1 (C-suite) relative to Tier 5 (frontline). Estimates are extracted from
Panel C of the full five-tier specifications in Online Appendix Table A5.3. No-FE models use robust stan-
dard errors; FE models include firm fixed effects and firm-clustered standard errors. Standard errors in
parentheses. *** p < .001, ** p < .01, * p < .05.

Tier 1 managers score higher on Adaptive Learning than frontline managers. The uncon-

ditional mean difference is ∆ = .17 scale points (Tier 1 mean: 3.58; frontline mean: 3.41). With

education, tenure, and decision-area controls, the Tier 1–frontline contrast is b = .14 (p < .001)

without firm fixed effects and b = .16 (p < .001) with firm fixed effects (Online Appendix Ta-

ble A5.3, Panel C). No comparable top-tier pattern appears for Causal Reasoning or Evidence

Evaluation in that specification. The hierarchy pattern is therefore probabilistic, not a clean sorting

rule.

4.4 Vignette Performance

SDM is positively associated with performance on the short decision vignette (items in Online

Appendix Section A2.2). Respondents in the top SDM quintile select scientifically consistent

responses 53.1% of the time, compared with 43.8% for respondents in the bottom quintile (On-

line Appendix Section A5.4 tabulates quintiles, progressive regressions, and predictive-invariance
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checks). We treat this solely as a within-study consistency check: managers who report more scien-

tific decision practices also perform better on a differently formatted task administered in the same

survey. It is not independent nomological evidence, criterion validation, or evidence that the mod-

ule tracks real-world decision quality, because the vignette was developed by the same research

team and overlaps conceptually with the SDM construct.

5 Discussion and Implications

This paper proposes a survey module for studying reported scientific decision practices in field

settings relevant for research on firms, innovation, and management policy. The empirical con-

tribution is deliberately non-causal and should be understood as part of a broader innovation-

measurement agenda in which indicators support monitoring, policy learning, and sharper research

questions rather than definitive causal claims (Gault, 2018; Arundel et al., 2019). In this sample,

observed SDM scores vary predominantly within firms, Adaptive Learning shows a top-tier ad-

vantage relative to frontline managers, and SDM is positively associated with performance on a

short decision vignette. These patterns may help motivate future work linking reported decision

practices to training interventions and organizational outcomes, but the present design does not test

those links (Camuffo et al., 2020, 2024).

For practice, the main implication is caution in interpreting organization-level averages:

within-firm variation dominates in this sample, so firm means can mask internal heterogeneity.

A dimension-level profile can describe where reported evidence-oriented practices are weaker—

especially Adaptive Learning—and provide a baseline for evaluating training or organizational

changes aimed at improving belief revision, but it does not support clean ranking of individuals by

real decision quality.

The use case is diagnostic and developmental rather than evaluative in a punitive sense.

Organizations could administer the instrument before training, compare dimensions across teams

or roles, and use the pattern to decide whether to emphasize hypothesis formulation, evidence
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design, or belief updating. The evidence does not support treating SDM scores as a personnel

instrument; they are better read as a starting point for reflection and intervention design.

For policy and intermediary programs, the module may eventually serve as a baseline for

evidence-based management support, contingent on stronger independent validation. Reasonable

uses include describing baseline practices, stratifying interventions by dimension, and tracking

whether programs change the practices they target. That bounded use is especially salient for pro-

grams that combine managerial upgrading with innovation or technology-adoption support, where

implementers must judge whether constraints lie in lack of information, weak causal diagnosis,

poor test design, or resistance to updating after evidence arrives. A dimension-level profile can-

not answer that diagnosis alone, but it can offer a common baseline for tailoring support and for

comparing pre- and post-intervention changes in reported practices. Used this way, the module

complements richer process data, interviews, or outcome tracking. Visibility at scale is not causal

attribution: the module fits program design where the target is a change in practices; productiv-

ity or innovation-outcome claims require independent data (Aghion and Tirole, 1997; Joseph and

Gaba, 2020; Cassiman et al., 2010, 2018; Crescenzi and Gagliardi, 2018).

For researchers, the top-tier Adaptive Learning advantage is the main empirical puzzle. It

is not a general hierarchy gradient across all SDM dimensions, and it persists after conditioning

on education and tenure. Because those controls absorb much of the human-capital credential-

ing channel, a story in which formal schooling or tenure alone produces the Tier 1 contrast on

Adaptive Learning is at best incomplete: the residual hierarchy pattern is not plausibly driven

solely by credentials that are already in the model. Firm-wide cultural homogenization is also an

unparsimonious explanation for this specific finding: Adaptive Learning shows negligible firm-

level clustering in this sample (intraclass correlation about 0.010), so most of the cross-manager

variation—and therefore the hierarchy gradient—is within firms rather than reflecting a single

shared organizational culture that lifts all tiers equally. What remains most consistent with both

the low firm-level clustering and the dimension specificity (Adaptive Learning, not Causal Reason-

ing or Evidence Evaluation) is role-based exposure: senior roles disproportionately involve novel,
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high-ambiguity problems where beliefs must be revised as evidence accumulates, whereas frontline

roles more often execute routines with less visible scope for updating. Selection into senior roles

and post-promotion socialization can still be confounded with exposure in cross-section. Longitu-

dinal designs that follow the same managers through promotions or lateral moves—ideally paired

with administrative job descriptions or project portfolios—are needed to test whether Adaptive

Learning rises when job content becomes more ambiguous (exposure) rather than whether man-

agers who already update readily are sorted upward (selection). The delegation literature nonethe-

less emphasizes that where innovation decisions and external knowledge sit in hierarchies varies

with strategy and context (Colombo et al., 2021), so the pattern should be read as a prompt for

theory on role design rather than as a settled attribution.

The evidence has important limits. The field sample is voluntary and mostly Italian, limit-

ing generalizability. Because how hierarchy maps onto decision rights, delegation of novel prob-

lems, and accountability for belief revision varies across national institutional contexts, the Adap-

tive Learning hierarchy gradient is plausibly culturally and legally sensitive (Colombo et al., 2021).

Until the module is replicated in more diverse country portfolios, that finding should be treated as

an Italian- and European-context regularity rather than as a universal feature of managerial cogni-

tion. Like other survey modules on complex management and innovation practices, this instrument

trades depth for standardized coverage and remains vulnerable to respondent interpretation, fram-

ing, and self-presentation (Bloom et al., 2016; Cirera and Muzi, 2020). The priming experiment

is a sensitivity check rather than stand-alone construct validation; longitudinal evidence and inde-

pendently designed criteria remain necessary. The vignette benchmark is short and was developed

by the research team. The SDM–vignette association is therefore a useful first benchmark, not

evidence that the module predicts real organizational outcomes. Independent external validation

would require linking the survey to observed decisions with verifiable ex-post outcomes (for ex-

ample project go/no-go choices tied to documented performance), to multi-rater assessments of

decision quality by role (peer or supervisor ratings in designs analogous to 360 feedback), and

to project-level innovation indicators from administrative data. Future work should pursue those
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links alongside independently designed vignettes and longitudinal organizational outcomes.

6 Conclusion

This note contributes a 24-item field module and a compact within-study benchmark for reported

scientific decision-making practices, not a validated performance metric or causal account of hier-

archy. Under the present scoring rule, the field deployment illustrates three patterns: most variation

in SDM lies within firms, Adaptive Learning shows a top-tier advantage relative to frontline man-

agers, and SDM covaries with a short within-survey vignette benchmark.

The contribution is a measurement tool for describing reported practices and where they

vary, not a definitive account of managerial scientific reasoning. In that sense the module sits closer

to an innovation-measurement agenda for policy learning and future research than to a performance

index (Gault, 2018; Arundel et al., 2019). It does not resolve why Adaptive Learning is more

common among top-tier managers or whether the module predicts consequential organizational

outcomes; longitudinal designs, independent criteria, and administrative outcomes remain the next

empirical steps.
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