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Abstract 

Annual-report language may record a digital initiative, an aspiration, or a risk before a firm realizes an 

operating change. This paper studies whether digital-resource disclosure in Form 10-K filings is associated 

with subsequent outcomes for U.S. incumbents. The SEC source screen retains 39 issuers and 273 filing 

records; outcome availability yields 133 primary-ROA firm-years across 23 issuers from 2017 through 2022. 

A predeclared, length-normalized dictionary is joined to next-year SEC Company Facts and examined with 

controls, alternative dictionaries, a governance-language placebo, and firm-cluster bootstrap intervals. The 

full-dictionary ROA estimate is small and its bootstrap interval spans zero; the other outcome estimates are 

likewise imprecise. Adding disclosure to a controls-only held-out linear comparison does not improve mean 

absolute error. The contribution is a transparent filing-provenance protocol, reproducible public-data audit trail, 

and association-based account of disclosure and subsequent outcomes, not a causal estimate or a new 

prediction method. The findings support a cautious, outcome-specific interpretation. 
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1. Introduction 

Digital transformation concerns changes in work processes, organizational arrangements, and value 

creation, rather than the mere installation of an information system [1, 2]. For an established firm, a Form 10-

K may mention cloud services, data, automation, or artificial intelligence well before related routines affect 

operating results. The timing is uneven across firms and functions [3, 4, 5]. 

Resource-based research helps explain that gap. A resource may be valuable in principle yet yield little 

until it is combined with the routines that make it usable; both prior assets and organizational learning shape 

that process [6, 7, 8]. Information-systems research similarly treats information-technology capability as a 

technical and managerial bundle, not a binary adoption state [9]. Incumbents therefore face a mixed inheritance: 

legacy resources can support digital change, but they can also limit it [10]. 
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Filing language cannot settle whether a capability has been realized. A digital term in an annual report may 

refer to installed infrastructure, a proposed investment, competitive pressure, or cyber risk. The measure used 

here is consequently a trace of stated digital-resource emphasis in public disclosures. It does not observe 

implementation quality and does not identify the causal effect of an implementation decision. 

The empirical question is narrower: within a public-data panel, how does Form 10-K digital-resource 

disclosure relate to next-year financial outcomes? The analysis estimates adjusted associations and checks the 

result against a narrow dictionary, a governance-language placebo, and firm-cluster bootstrap intervals. It does 

not treat the disclosure score as an intervention or present it as a new prediction method. 

Regulatory filings offer dated, firm-specific narratives in a common repository, while their XBRL facts 

permit outcome matching without manual transcription. That convenience does not remove the ambiguity of 

phrase counts: ``cloud computing,'' for example, can describe an operating system, an intended investment, or 

a risk exposure. The design retains that ambiguity rather than treating every occurrence as proof of completed 

transformation. 

Each retained firm-year is linked to a ticker record, Form 10-K accession, cleaned filing text, SEC Company 

Facts observation, and source hash. The resulting provenance record exposes the issuer screen, fiscal-year 

mapping, vocabulary, and outcome construction. It documents how associations vary by outcome and 

dictionary while keeping the interpretation within what a filing-text proxy can support. 

2. Related Work 

Work on digital transformation joins organizational change, strategy, and dynamic capabilities. Field 

reviews stress that organizational design and complementary capabilities affect the returns associated with a 

digital initiative [3, 4, 5]. A resource-based reading is useful for that reason, but it offers no basis for assuming 

that every digital disclosure should precede a common financial return. 

Several empirical studies draw on U.S. 10-K text. Zareie et al. form a digital-transformation score from 

terms in annual reports and relate it to corporate value; Gaspar et al. combine a 10-K-based measure with 

earnings-call evidence to examine performance and resilience during shocks [11, 12]. The panel here is smaller 

and purposively selected, so it is not a substitute for those broader designs. Its value lies in the documented 

chain from issuer eligibility and filing identity through text processing to next-year financial facts; the 

accompanying replication materials enumerate that chain. 

Financial-text research cautions that a dictionary imported from outside reporting can misclassify 10-K 

language, which makes document selection and proxy construction consequential [13, 14]. The length-

normalized score, together with its narrow and placebo forms, therefore measures disclosure rather than 

verified implementation. Information-technology and artificial-intelligence capabilities may matter for 

performance when firms combine them with routines and governance [9, 15]. That argument guides the 

interpretation of an observable disclosure trace; it is not used to infer an unobserved capability or a causal 

effect. 

3. Data and Method 

Before downloading filing text or Company Facts, the analysis script fixes a purposive list of 41 U.S.-listed 

issuers. The list is neither an index membership list nor a market-capitalization ranking or probability sample; 

no market-representative inference follows from it. Eligibility requires a Form 10-K at or before fiscal 2013 

and a usable annual filing in every source year from 2017 through 2023. Although disclosure is analysed 

through 2022, the 2023 filing is needed to form the next-year outcome for a 2022 disclosure. The screen retains 

39 issuers and 273 source records, and outcome availability leaves 133 primary-ROA firm-years from 23 

issuers for 2017-2022. Ticker records, submission records, archived 10-K HTML, and Company Facts come 

from public SEC endpoints. Industry groups follow the first two digits of the issuer-level SIC code in the 

submissions record. Every exclusion is retained in the ledger; a retrieval or fiscal-year mismatch is not recoded 

as an absence of digital activity. 

Fiscal years are matched by linking the 10-K report date to an annual Company Facts observation. The SEC 

fiscal label is used where available, with the report-date calendar year used only as a fallback. This prevents a 
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non-calendar year-end from being mislabeled, as in Johnson & Johnson's fiscal 2020 report, which ended in 

January 2021. Disney's 2013 legacy-CIK filing is checked for the incumbency screen alone, while source-year 

records remain attached to the current ticker CIK. Each retained source record carries its CIK, accession, filing 

URL, retrieval time, and content hash. The supplementary replication package contains the candidate list, 

screening ledger, source manifest, phrase dictionaries, derived panel, and analysis scripts. 

The exclusion ledger has two cases. Disney satisfies the pre-2013 rule through its legacy filing, but the 

continuity record lacks the required 2017 and 2018 source filings; those panel years are excluded for missing 

source records, not for lack of incumbent history. Dow has no retained Form 10-K at or before 2013 and fails 

the pre-specified incumbency rule. Neither missing filings nor missing financial facts are imputed. An 

unavailable filing is a data-screening fact, not evidence about a firm's digital-resource disclosure. 

Figure 1 shows the provenance sequence from a fixed issuer list to archived filings, a disclosure score, and 

subsequently reported SEC facts. The panel is descriptive. Neither the text score nor the record linkage 

establishes that a firm implemented a particular technology. 

Figure 1: Filing-provenance panel protocol. Public SEC issuer records and Form 10-K filings yield length-normalized 

digital-resource disclosure measures that are joined to next-year SEC Company Facts outcomes 

 

For firm i in fiscal year t, the digital-resource disclosure score is 

Sᵢₜ = 1000 Hᵢₜ / Nᵢₜ. 

where Hᵢₜ counts case-normalized phrase occurrences and Nᵢₜ is the number of alphabetic word tokens after 

markup removal. The full vocabulary contains digital transformation, digital platform, cloud computing, 

artificial intelligence, machine learning, data analytics, cybersecurity, enterprise resource planning, internet of 

things, digital technology, and information technology. The narrow score uses the first five phrases. The 

placebo contains board of directors, shareholder, and audit committee. Because each score comes from the 

same stripped filing, differences among them reflect vocabulary choice rather than a changed set of documents. 

The text routine removes script, style, and markup elements; decodes HTML entities; collapses whitespace; 

and counts the fixed strings and word tokens. Phrases are not selected after outcomes are inspected. Raw 

HTML is hashed before cleaning, which separates a changed source document from a changed parsing rule. 

Complete filings are used because archived HTML lacks uniform section markers for Business, Risk Factors, 

and Management Discussion across retained issuers. A section-restricted score would be a different 

measurement design and is not represented as an output of this routine. 

Company Facts provides three next-year outcomes when the required tags are present. Next-year ROA is 

next-year net income divided by average current- and next-year total assets. Next-year operating margin is 

next-year operating income divided by next-year revenue. Next-year revenue growth is next-year revenue 

divided by current-year revenue minus one. Controls are current log total assets, the contemporaneous total-

liabilities-to-assets ratio Dᵢₜ=total liabilitiesᵢₜ/total assetsᵢₜ, and fiscal-year and industry indicators. 

For every outcome, the extractor keeps the source tag, report end date, filing date, and reported value with 

the firm-year record. A row may contain enough information for ROA but lack the revenue or operating-

income tag needed for an auxiliary outcome. Operating-margin analysis therefore has 97 observations, whereas 
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the primary ROA and revenue-growth analyses have 133. This outcome-specific treatment retains a valid ROA 

observation when a secondary ratio cannot be constructed. 

The pooled specification is 

Yᵢ,ₜ₊₁ = α + βSᵢₜ + γ₁ log(Aᵢₜ) + γ₂Dᵢₜ + δₜ + ηg + εᵢₜ. 

where Yᵢ,ₜ₊₁ is one of the three next-year outcomes, δₜ is a fiscal-year indicator, and ηg is an industry-group 

indicator. Coefficient β is an adjusted disclosure-outcome association, not the effect of changing an 

implementation decision. 

The secondary prediction check trains on 2017-2020 records, tunes on 2021, and tests on 2022. It compares 

a controls-only linear cell with the same cell plus Sᵢₜ. Fixed-effects and tree-based cells supply context because 

they use different fitted inputs. The score is an observed input, not a proposed learning architecture. 

There are 87 training observations, 23 validation observations, and 23 held-out test observations. Settings 

for the regularized and tree-based comparators are chosen from the validation year alone, using five fixed seeds. 

The linear comparison is deterministic across those seeds, so it is read as a small held-out accuracy check 

rather than a stochastic performance contest. Its purpose is to ask whether disclosure adds practical predictive 

information beyond public size, total liabilities to assets, year, and industry controls. 

Robustness analysis estimates full, narrow, and placebo scores for next-year ROA, plus the full score for 

operating margin and revenue growth. It uses 250 firm-cluster bootstrap resamples with fixed seeds and 

percentile 95% intervals. Resampling firms, rather than rows, preserves within-firm dependence. Reported 

inference follows those intervals rather than conventional significance tests. 

4. Results 

Table 1 describes the analytic records. Disclosure scores differ across firm-years. Operating margin is 

available for fewer records because some next-year observations lack the required operating-income or revenue 

tag. 

Table 1: Descriptive statistics for the analytic panel 

Variable n Mean SD Min Max 

Disclosure score 133 0.302 0.263 0.040 1.722 

Next-year ROA 133 0.093 0.082 -0.144 0.287 

Next-year operating margin 97 0.151 0.127 -0.434 0.421 

Next-year revenue growth 133 0.059 0.171 -0.484 0.716 

Total liabilities-to-assets 133 0.756 0.197 0.378 1.324 

The mean disclosure score is 0.302 phrase hits per thousand cleaned word tokens and the maximum is 1.722, 

so the measure is not driven by one zero-heavy coding rule. Mean next-year ROA is 0.093; its negative 

minimum shows that the panel includes loss-making next years. These values favour outcome-specific 

association analysis over a binary successful-transformation label. 

Table 2 reports the secondary prediction check. Held-out MAE is 0.05265 for the controls-only linear cell 

and 0.05320 after the disclosure score is added. In this small time-ordered comparison, the score does not 

improve predictive accuracy. Fixed-effects and tree-based cells have lower MAE in some cases, but they are 

contextual comparators with different fitted inputs; their relative accuracy does not identify a disclosure effect. 

Table 2: Held-out next-year ROA prediction cells 

Comparator MAE Out-of-sample R2 

Industry-group mean 0.05179 0.1943 

Controls-only linear 0.05265 0.1237 

Disclosure-augmented linear 0.05320 0.1236 

Fixed-effects linear 0.04170 0.4248 

Elastic net 0.05377 0.1166 

Random forest 0.04177 0.3682 

Gradient boosting 0.04797 0.3129 

The primary association estimates appear in Table 3. For the full dictionary, the ROA coefficient is -0.0322 

and its firm-cluster bootstrap interval is [-0.1616, 0.3151]. The narrow dictionary also has a negative point 
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estimate, but its interval crosses zero. The placebo, operating-margin, and revenue-growth intervals do the 

same. The evidence does not support one directional relation between disclosure and later performance. 

Table 3: Association sensitivity estimates. Coefficients are pooled adjusted associations; intervals are percentile 95% 

firm-cluster bootstrap intervals 

Outcome-measure n Coefficient 95% interval 

ROA-full dictionary 133 -0.0322 [-0.1616, 0.3151] 

ROA-narrow dictionary 133 -0.1804 [-0.4377, 0.8462] 

ROA-placebo dictionary 133 -0.0102 [-0.0916, 0.0848] 

Operating margin-full 97 0.1446 [-0.1296, 0.3088] 

Revenue growth-full 133 -0.0520 [-0.1519, 0.3370] 

The rows should be read together. The narrow dictionary occurs less often than the full dictionary and yields 

a wider interval, which is consistent with the limited information in a smaller phrase set. The governance 

placebo is centred near zero. It checks whether a general corporate vocabulary mechanically recreates the 

pattern; it is not a causal falsification test. Likewise, the positive operating-margin point estimate is not read 

as a performance benefit because the resampled interval contains negative and positive associations. 

Two limitations delimit the result. Complete filings can describe implementation, intention, or risk, so the 

score does not verify a completed capability. The retained issuers are established U.S.-listed firms rather than 

a random population. Source records make those limits auditable, but they cannot remove reverse causality, 

omitted time-varying differences, or variation in the timing of implementation. 

5. Conclusion 

Public SEC records make it possible to link issuer identifiers, archived Form 10-K text, a length-normalized 

digital-resource disclosure score, and next-year Company Facts outcomes. In the 133-observation primary 

panel, the full-score ROA association and every reported firm-cluster bootstrap interval cross zero. Adding 

disclosure to the controls-only linear cell also leaves the held-out comparison unimproved. 

The inference should remain limited. Filing language records stated digital-resource emphasis; it is neither 

a verified capability measure nor a causal treatment. The source mapping can support later work with section-

restricted dictionaries, implementation dates, complementary organizational measures, or stronger 

identification designs. Until those data are available, the reported relationships are outcome-specific 

associations. 

The Resource-Based View still explains why a filing-text association may differ across firms. Digital 

infrastructure and data resources become valuable when routines, governance, and complementary human 

capabilities accompany them. Those combinations are not observed in this panel. The replication materials 

instead provide a documented basis for testing them with richer operational evidence in later work on 

transformation outcomes. 
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