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a numeric cross-check, and a Monte-Carlo robustness report (Section 5). This is the theoretical 

companion of the acceptance study in stratified-adoption-wp.md, whose H9 states that 

driver weights differ across capability segments.

Abstract

Acceptance research increasingly compares the driver weights of technology adoption 

across groups, and the companion study’s central hypothesis is of this form: effort and 

facilitating conditions bind hardest for low-capability adopters of open source, while per

formance and strategic alignment dominate for the capable. This paper gives that claim 

an economic microfoundation and derives an identification warning from it. In a random-

utility adoption model, a segment’s capability is a unit implementation cost that scales 

the effort and support terms; the quantities acceptance research estimates correspond to 

marginal effects of the drivers on adoption probability.

Two results follow. First, ratios of marginal effects (support to performance, effort to perfor

mance) are free of both the error density and the segment’s error scale, so their ordering 

across segments identifies the capability ordering under any baseline and any scale hetero

geneity: this is the structural content of the segment-dependence hypothesis. Second, levels 

of marginal effects confound structural sensitivity with the location of the segment on the 

adoption curve, and the confound is severe: in the Monte Carlo, a naive level comparison 

misorders the capability ranking on 63 percent of random configurations under a probit link 

and 46 percent under a logit link. Ratio comparisons are correct on all of them. Matching 

baselines eliminates the reversals when the error scale is common across segments and fails 

on 44 percent of draws when it is not, which is why the ratio route is the recommendation 

and matching is the fallback: the scale is the quantity the antecedent literature warns about, 

and it is not identified from a single binary model. The reversal condition is characterized 

exactly.

A fourth result carries the warning into structural-equation practice: cross-group compar

isons of standardized coefficients confound structure with variance heterogeneity, differing 

across groups with identical structure on essentially every sampled configuration and 

reversing a true structural ordering on 17 percent of them, while unstandardized compar

isons on invariant metrics never do. The difficulty of comparing groups in nonlinear models 

is established (Allison 1999; Mood 2010; Long & Mustillo 2021), and the ratio cancellation 

of the first result is the textbook identification fact of discrete choice; what is claimed 

here is the derivation of segment dependence from a cost primitive, the exact reversal 

condition with its quantified shares, the within-segment cross-driver ratio as a carrier of 

the hypothesis that is invariant to both confounds at once, and the import of the discipline 

into acceptance research, where it is absent.

The practical prescription for the companion study: test segment dependence on ratio 

contrasts, fall back on matched baselines only where a common error scale can be argued, 

report segment baselines alongside any path comparison, and never compare standardized 

coefficients across segments, none of which constitutes an empirical claim about the 

adoption data itself.

1. Introduction

The companion acceptance study replaces the representative user of UTAUT (Venkatesh et 

al. 2003) with the capability typology carried by Jullien, Viseur & Zimmermann (2025) from 

von Hippel (2001), Kogut & Metiu (2001), Ethiraj et al. (2005) and Jullien & Zimmermann 
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(2011) and hypothesizes (its H9) that the acceptance structure is segment-dependent: the 

weights of effort expectancy and facilitating conditions are largest for No-skill and Frontier 

adopters, those of performance expectancy and strategic alignment for Innovative ones. 

Claims of this form are common in multi-group acceptance research, usually stated as em

pirical regularities in search of estimation. The primitive is cost. A firm’s capability position 

is, economically, the unit cost at which it turns adoption effort into working systems: the In

novative firm implements cheaply, the No-skill firm expensively, and support environments 

(facilitating conditions, community help, commercial assurance) attenuate that cost. Once 

adoption is a random-utility decision over this cost structure, the constructs of acceptance 

research map onto model objects, and the driver weights map onto marginal effects of those 

objects on the adoption probability. The question “do driver weights differ across segments” 

then has an exact answer, together with a warning about how not to measure it.

The warning itself is not new, and this paper’s contribution has to be stated against 

a developed literature. Sociology and econometrics have studied group comparisons in 

nonlinear models for twenty-five years: coefficients are confounded across groups because 

residual variation rescales them (Allison 1999), heterogeneous choice models offer a struc

tured fix (Williams 2009), log-odds coefficients are not comparable across groups or samples 

and average marginal effects are the recommended remedy (Mood 2010), the same rescaling 

separates from confounding across nested models (Karlson, Holm & Breen 2012), marginal 

effects depend on the baseline probability and are largest near one half (Norton & Dowd 

2018), and comparisons are best made through predicted probabilities and marginal effects 

evaluated at chosen covariate values (Long & Mustillo 2021; Kuha & Mills 2020), with the 

field surveyed by Breen, Karlson & Holm (2018), who observe that applied methodological 

guidance has taken little account of it. Interactions in nonlinear models carry a related 

trap (Ai & Norton 2003). In discrete choice, only ratios of coefficients are identified, so the 

cancellation behind Proposition 1 is a textbook fact (Swait & Louviere 1993; Train 2009; 

Wooldridge 2010). The claim that standardized coefficients embed group-specific variances 

and are unfit for cross-population structural comparison is older still (Kim & Mueller 1976; 

Kim & Ferree 1981) and is the textbook norm in structural equation modeling (Bollen 1989). 

Importing such a discipline into a field’s practice also has precedent (Hoetker 2007, for 

strategic management).

What remains this paper’s own is narrower and is claimed as such. First, the derivation: 

segment-dependent acceptance follows from a cost primitive rather than being posited, 

which turns the companion’s H9 from an empirical regularity into a prediction with a mech

anism. Second, the mechanism at issue here is distinct from the one the sociology literature 

treats: Allison’s confound is latent-scale heterogeneity, while Proposition 2′s is the location 

of the density on the probability scale, so probability-scale effects fix Mood’s problem and still 

confound structure with location when baselines differ. Third, the exact reversal condition, 

its genericity, and the quantified misordering shares on a declared configuration space. 

Fourth, the carrier: within-segment, cross-driver ratios, where the antecedent literature’s 

ratios are cross-group ratios of one coefficient (Allison 1999) or dispersion-standardized 

quantities (Kuha & Mills 2020). Because a segment-specific error scale cancels from those 

ratios exactly as the density does, the prescription is simultaneously robust to the Allison-

Mood confound and to the one identified here, while the matched-baseline remedy clears 

only the second (Proposition 3). Fifth, the packaging for acceptance research, where a search 

of the IS venues found applications of multi-group analysis but no methods treatment of 

which quantities carry a cross-segment structural claim (Qureshi & Compeau 2009 is the 

closest anchor and is silent on it).
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2. Model

A firm in capability segment 𝑔 ∈ {𝐼, 𝐹, 𝑁} (Innovative, Frontier, No-skill) decides whether to 

adopt an open-source solution. Its net utility is

𝑈𝑔 = 𝑏𝑔 − 𝛾𝑔 𝑒 (1 − 𝑠) + 𝜀,

where 𝑏𝑔 collects the benefit terms (performance expectancy and strategic alignment), 𝑒 >

0 is the intrinsic effort requirement of the technology, 𝑠 ∈ [0, 1) is the support environment 

(facilitating conditions, community support, commercial assurance), 𝛾𝑔 > 0 is the segment’s 

unit implementation cost with 𝛾𝐼 < 𝛾𝐹 < 𝛾𝑁 , and 𝜀 = 𝜎𝑔𝜈 with 𝜈 drawn from a continuous 

symmetric log-concave distribution with cdf Ψ and density 𝜓 (probit and logit as leading 

cases) and 𝜎𝑔 > 0 the segment’s error scale. The firm adopts iff 𝑈𝑔 > 0, so the adoption 

probability is 𝑃𝑔 = Ψ(𝜁𝑔) with

𝜁𝑔 =
𝑧𝑔
𝜎𝑔
, 𝑧𝑔 = 𝑏𝑔 − 𝛾𝑔𝑒(1 − 𝑠).

The scale 𝜎𝑔 is carried explicitly because it is the object the group-comparison literature 

is about. It measures unobserved heterogeneity within the segment, it is not separately 

identified from a single binary model, and letting it differ across segments is what makes 

coefficients incomparable in Allison (1999) and log-odds incomparable in Mood (2010). 

Setting 𝜎𝑔 = 1 for all 𝑔 recovers the homoskedastic model and every statement below.

The quantities that acceptance research reads as driver weights correspond to marginal 

effects on the probability scale:

𝜕𝑃

𝜕(−𝑒)
=
𝜓(𝜁𝑔) 𝛾𝑔(1 − 𝑠)

𝜎𝑔
,

𝜕𝑃

𝜕𝑠
=
𝜓(𝜁𝑔) 𝛾𝑔𝑒

𝜎𝑔
,

𝜕𝑃

𝜕𝑏
=
𝜓(𝜁𝑔)

𝜎𝑔
.

Every effect is now a product of three terms: a structural sensitivity (𝛾𝑔 times a technology 

term), the density 𝜓(𝜁𝑔), which measures where the segment sits on the adoption curve 

(largest near the fifty-percent baseline, vanishing for segments that almost always or almost 

never adopt), and the reciprocal scale 1/𝜎𝑔. The second term drives the level confound of 

Proposition 2; the third is the confound the antecedent literature treats, and Proposition 3 

shows it survives the remedy that clears the second.

3. Results

Proposition 1 (ratios identify the structure). The ratios of marginal effects within a 

segment are free of both the density and the scale: the support-to-performance ratio equals 𝛾𝑔𝑒 

and the effort-to-performance ratio equals 𝛾𝑔(1 − 𝑠). Consequently, for any baselines 𝑏𝑔, any 

scales 𝜎𝑔, any 𝑒, 𝑠, and any Ψ, the ordering of these ratios across segments coincides with the 

ordering of 𝛾𝑔. The cancellation is the identified-ratio fact of discrete choice, where only ratios 

of coefficients are identified and a ratio of partial effects is free of the evaluation point (Train 

2009; Wooldridge 2010). What the proposition adds is the reading: H9-type hypotheses are 

statements about those ratios, and the 𝛾 ordering they recover survives any baseline hetero

geneity. It survives scale heterogeneity for the same reason, since 1/𝜎𝑔 multiplies every effect 

in the segment and cancels with the density. The prescription this paper reaches is therefore 

robust to the confound the antecedent literature is about as well as to its own, which is 

the strongest form in which the result can be stated and the reason the two literatures are 

complements here. This is the structural content of H9, stated as an invariance: across capa

bility segments the robust difference lies in the relative weight of cost-side drivers against 

benefit-side drivers. The prediction that effort and support dominate for No-skill adopters 

and performance for Innovative ones is a statement about these ratios, which are invariant 

to arbitrary differences in how often the segments adopt because the density factor cancels 

identically within any segment. This carries H9 directly into the companion study’s cross-

segment ratio contrasts.
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Proposition 2 (levels confound structure with location and scale). For segments 

𝑔, ℎ with 𝛾𝑔 > 𝛾ℎ, the level of the effort (or support) marginal effect is smaller for 𝑔 than for ℎ if 

and only if

𝜓(𝜁𝑔)

𝜓(𝜁ℎ)
<
𝛾ℎ/𝜎ℎ
𝛾𝑔/𝜎𝑔

.

Level comparisons therefore reverse the capability ordering whenever baseline adoption rates or 

error scales differ enough. Under a common scale the condition reduces to 𝜓(𝜁𝑔)/𝜓(𝜁ℎ) < 𝛾ℎ/𝛾𝑔, 

and no reversal occurs when baselines are matched. The confound is not exotic. A No-skill 

segment far from adoption (baseline five percent, say) has a small density, so its measured 

effort effect can fall below that of an Innovative segment sitting near fifty percent despite a 

structural sensitivity four times larger. That a marginal effect is a density times a coefficient, 

and therefore depends on where the group sits on the response curve, is known and stated 

in prose in the health-econometrics literature (Norton & Dowd 2018). The contribution here 

is the exact condition on the density ratio under which the ordering reverses, its genericity, 

and the shares reported in Section 5.

Proposition 3 (matched baselines, and what they do not fix). (i) If segments share a 

baseline (𝜁𝑔 equal across 𝑔) and a common scale, all level orderings of the effort and support 

effects coincide with the 𝛾 ordering, and the support effect is increasing in 𝛾 (support and 

capability shortfall are complements). (ii) If segments share a baseline but the scales differ, the 

density factor is common and the level ordering follows 𝛾𝑔/𝜎𝑔, so it reverses the 𝛾 ordering exactly 

when 𝛾𝑔/𝜎𝑔 < 𝛾ℎ/𝜎ℎ for some pair with 𝛾𝑔 > 𝛾ℎ.

Part (ii) is the reason the ratio route of Proposition 1 is the recommendation and matching 

baselines is the fallback. Matching baselines removes the confound this paper identifies 

and leaves the confound the antecedent literature identifies untouched, and since 𝜎𝑔 is 

not identified from a single binary model, an analyst cannot check whether the remaining 

assumption holds. In the Monte Carlo, matched baselines with freely drawn scales still 

reverse the capability ordering on 44.2 percent of draws, against zero under a common scale. 

The ratios are correct on every draw in both cases.

Proposition 4 (standardized coefficients inherit the confound). Let the estimated 

multi-group model report standardized coefficients 𝛽𝑠𝑡𝑑𝑗,𝑔 = 𝑏𝑗,𝑔 𝜎𝑥𝑗,𝑔/𝜎𝑦,𝑔. Then: (i) groups with 

identical structural coefficients but different predictor variances have different standardized 

coefficients, so a cross-group standardized comparison detects variance heterogeneity as if it 

were structural difference; (ii) within a group, the ratio of two standardized coefficients equals 

𝑏1𝜎𝑥1/(𝑏2𝜎𝑥2), free of the outcome variance, so ratio contrasts are unaffected by outcome-

variance heterogeneity and require only comparable predictor metrics, the condition metric 

invariance supplies; (iii) with a true structural ordering across groups, the standardized 

comparison can reverse it whenever variance ratios oppose the structural gap, and the unstan
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dardized comparison on a common metric cannot. Part (i) restates a point the standardization 

literature made decades ago (Kim & Mueller 1976; Kim & Ferree 1981) and that structural-

equation texts carry as a norm (Bollen 1989); parts (ii) and (iii), the ratio identity and the 

quantified reversal condition, are what this paper adds. The mechanism is restriction of 

range wearing a structural costume: an Innovative segment in which effort is uniformly low 

has little effort variance, so its standardized effort path shrinks. A naive multi-group reading 

concludes that effort does not matter for the capable, when the capable do not vary in it. 

Proposition 2′s marginal-effect confound operates at the SEM level whenever standardized 

coefficients are compared across groups, and Proposition 4 formalizes the condition under 

which standardized comparisons reverse a true structural ordering.

4. What this prescribes for the companion study

The companion’s H9 should be tested on quantities that Propositions 1 and 4 protect. 

Concretely, the analysis plan needs four additions. First, alongside invariance-tested latent 

path comparisons, report probability-scale marginal effects and their within-segment ratios 

(effort to performance, facilitating conditions to performance), and state the segment-depen

dence conclusion on the ratios. Second, report each segment’s baseline adoption rate next to 

any cross-segment comparison, and treat large baseline gaps as a warning that level compar

isons are uninformative about structure. Third, where design permits, compare segments 

at matched baselines (subsample or covariate-adjusted), where Proposition 3(i) makes level 

comparisons meaningful again, treating this as a fallback rather than as an equivalent route: 

Proposition 3(ii) shows that matching restores the 𝛾 ordering only under a common error 

scale, an assumption the data cannot check. Fourth, compare unstandardized coefficients on 

invariance-tested metrics and never standardized coefficients across segments, whose cross-

group differences mix structure with variance heterogeneity (Proposition 4). None of this 

replaces measurement invariance, which concerns the constructs (Steenkamp & Baumgart

ner 1998; Vandenberg & Lance 2000, and for composite models the MICOM procedure of 

Henseler, Ringle & Sarstedt 2016); it concerns what may be compared after invariance holds. 

The point binds partial-least-squares practice directly, since PLS works on standardized vari

ables, so a PLS multi-group comparison of paths is a comparison of standardized coefficients 

by construction. The two are complementary: invariance establishes that the same construct 

is measured across groups, and the prescriptions above establish which comparisons of that 

construct are structurally informative.

5. Verification

The scripts, seeds, and result files that reproduce every number and figure are listed in Annex 

B.

• Closed forms (numeric cross-check). The marginal-effect formulas match central 

finite differences to within 2 × 10−10 on 2,000 random configurations, for both probit 

and logit links.

• Reversal condition (numeric cross-check). On every one of 200,000 random three-

segment configurations per link, the condition of Proposition 2 predicts the observed 

level reversals exactly (the equivalence is checked pairwise, with no exceptions).

• Monte Carlo (robustness). Configurations draw 𝛾 ordered on [0.2, 3], independent 

baselines 𝑏𝑔 on [−1, 3], 𝑒 on [0.3, 2], 𝑠 on [0, 0.8], at a common scale. Ratio orderings 

reproduce the 𝛾 ordering on 100 percent of draws for both links. Naive level comparisons 

misorder the segments on 62.8 percent of draws (probit) and 46.4 percent (logit). With 

baselines matched by construction, the reversal share is exactly zero on the same draws. 

Repeating the exercise with scales drawn freely leaves the level misordering at 61.7 

percent (probit) and 49.7 percent (logit), so scale heterogeneity is a second confound 

layered on a trap that is already generic rather than a worsening of it.
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• Scale invariance (Prop. 1, numeric cross-check). On 200,000 configurations per link 

with segment scales drawn independently on [0.5, 2], the within-segment ratios equal 

𝛾𝑔𝑒 and 𝛾𝑔(1 − 𝑠) to 2 × 10−15, and their ordering reproduces the 𝛾 ordering on 100 

percent of draws. The levels move on 99.99 percent of the same draws, which is the 

asymmetry the prescription rests on.

• Matched baselines under free scale (Prop. 3, robustness). On 200,000 configura

tions per link, matching baselines while drawing scales freely leaves the capability 

ordering reversed on 44.2 percent of draws. Imposing a common scale on the same 

draws returns a reversal share of exactly zero, and the generalized reversal condition of 

Proposition 2 predicts the observations exactly, pairwise, with no exceptions. The share 

is identical across links because at a matched baseline the density factor is common and 

the comparison reduces to the ordering of 𝛾𝑔/𝜎𝑔.

• Standardized confound (Prop. 4, cross-check and robustness). Population algebra 

on 200,000 two-group, two-predictor configurations: with identical structural coeffi

cients and independent group variance draws, the cross-group standardized gap is 

nonzero on 99.999 percent of draws; the within-group ratio identity of Proposition 

4(ii) holds to 4 × 10−15, and with a true structural ordering imposed, the standardized 

comparison reverses it on 16.7 percent of draws while the unstandardized comparison 

reverses it on none.

The reversal shares are properties of the sampled configuration space, determined by the 

joint distribution of parameter draws, and they indicate how much of the configuration space 

the confound occupies. They are no estimate of how often real studies err.

6. Conclusion

Grounding segment-dependent acceptance in a cost primitive does two things at once. It 

derives the companion’s central hypothesis rather than positing it: capability is a unit 

implementation cost, so the cost-side drivers must matter more, relative to the benefit-side 

drivers, for the less capable. And it disciplines the test: that “more” lives in density-free ratios, 

while the level comparisons that multi-group practice reaches for first confound structure 

with location and misorder the segments across much of the parameter space. The empirical 

companion thus receives both its hypothesis from the cost primitive and its discipline from 

the identification analysis, together with the practical prescription of Section 4.

Appendix: proofs

Proposition 1. Within segment 𝑔, all three marginal effects share the factor 𝜓(𝜁𝑔)/𝜎𝑔 > 0: 

dividing, the support-to-performance ratio is 𝛾𝑔𝑒 and the effort-to-performance ratio is 𝛾𝑔(1 −

𝑠), both independent of 𝑏𝑔, 𝜎𝑔 and Ψ. The scale cancels for the same reason the density does, 

being a factor common to the segment’s three effects. With 𝑒 > 0 and 1 − 𝑠 > 0 common 

across segments, both ratios are strictly increasing in 𝛾𝑔, so their cross-segment ordering is 

the 𝛾 ordering. □

Proposition 2. For the effort effect, 𝜓(𝜁𝑔)𝛾𝑔(1 − 𝑠)/𝜎𝑔 < 𝜓(𝜁ℎ)𝛾ℎ(1 − 𝑠)/𝜎ℎ iff 

𝜓(𝜁𝑔)/𝜓(𝜁ℎ) < (𝛾ℎ/𝜎ℎ)/(𝛾𝑔/𝜎𝑔), and the same algebra applies to the support effect. Under a 

common scale the right side is below one (since 𝛾𝑔 > 𝛾ℎ), so matched baselines (𝜁𝑔 = 𝜁ℎ, left 

side equal to one) preclude reversal. Since 𝜓 is continuous, positive at the center, and van

ishes in the tails, the left side ranges over (0,∞) as 𝑏𝑔 varies with 𝑏ℎ fixed, so configurations 

on both sides of the threshold exist: reversals occur exactly when baselines are sufficiently 

far apart in the sense of the density ratio, or, at any baselines, when the scale ratio is adverse 

enough. □

Proposition 3. (i) At common 𝜁 and common 𝜎, the effort effect 𝜓(𝜁)𝛾𝑔(1 − 𝑠)/𝜎 and 

support effect 𝜓(𝜁)𝛾𝑔𝑒/𝜎 are strictly increasing in 𝛾𝑔, which yields both the ordering and, 
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differentiating the support effect in 𝛾 at fixed 𝜁, the complementarity 𝜓(𝜁)𝑒/𝜎 > 0. (ii) At 

common 𝜁 with 𝜎𝑔 free, the density factor 𝜓(𝜁) is common to all segments and cancels from 

every pairwise comparison, so the level ordering of both effects is the ordering of 𝛾𝑔/𝜎𝑔. That 

differs from the ordering of 𝛾𝑔 on a set of positive measure, since 𝜎 is drawn independently 

of 𝛾 and 𝛾𝑔/𝜎𝑔 < 𝛾ℎ/𝜎ℎ with 𝛾𝑔 > 𝛾ℎ whenever 𝜎𝑔/𝜎ℎ > 𝛾𝑔/𝛾ℎ > 1. □

Proposition 4. (i) With 𝑏𝑗,1 = 𝑏𝑗,2 = 𝑏𝑗  and 𝜎𝑥𝑗,1 ≠ 𝜎𝑥𝑗,2, the standardized coefficients 

𝑏𝑗𝜎𝑥𝑗,𝑔/𝜎𝑦,𝑔 differ across groups unless the predictor-variance change is exactly offset by 

the induced outcome-variance change, a knife-edge of measure zero under continuous 

variance distributions. (ii) Within group 𝑔, 𝛽𝑠𝑡𝑑1,𝑔 /𝛽
𝑠𝑡𝑑
2,𝑔 = (𝑏1𝜎𝑥1,𝑔)/(𝑏2𝜎𝑥2,𝑔) by cancellation of 

𝜎𝑦,𝑔. (iii) With 𝑏1,2 > 𝑏1,1, the standardized comparison satisfies 𝛽𝑠𝑡𝑑1,2 < 𝛽𝑠𝑡𝑑1,1  if and only if 

(𝜎𝑥1,2/𝜎𝑦,2)/(𝜎𝑥1,1/𝜎𝑦,1) < 𝑏1,1/𝑏1,2, which has positive measure; the unstandardized compar

ison on a common metric preserves 𝑏1,2 > 𝑏1,1 by construction. □
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Annex A: Working notes (temporary annex)

This annex lists internal working documents and will be removed from the final version.

• ../notes/common/theory-foundation.md: the shared theoretical foundation of the pro

ject and its re-centering decisions.

• ../notes/common/model-reconciliation.md: the hypothesis-cutting history behind the 

companion study’s H9.

• ../notes/stratified-adoption/instrument.md and ../notes/stratified-adoption/

prereg-paper1.md: the companion study’s instrument and pre-registration draft, which 

adopt Section 4′s prescriptions.

• ../notes/common/research-program.md: the wider research program.

Annex B: Reproduction: scripts, data, and figures

• ../verify/acceptance_structure.py (seed 20260716): verifies every quantitative 

statement in Section 5 and generates the figure figures/acceptance-structure-

effects.png; results are written to ../verify/results/acceptance_structure.json. 

Each check draws from its own generator (offsets 7, 11, 13, 17, 19 on the seed), 

so inserting the two heteroskedastic checks left the earlier numbers bit-identical. The 

heteroskedastic pair is check_scale_invariance (Proposition 1 under free 𝜎𝑔) and 

monte_carlo_scale (Propositions 2 and 3 under free 𝜎𝑔, including the matched-baseline 

failure share and the common-scale control that returns zero).

• ../verify/run_all.py: reproduces every number and figure of the project’s theory 

papers in one command.
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