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Abstract—This paper investigates the relationship 

between research and development (R&D) investment 

and firm profitability in AI intensive companies, using a 

balanced panel of 8 major technology firms over 7 fiscal 

years (FY2018–2024, n=56 observations). Drawing on 

innovation lag theory, knowledge stock methodology, 

and J curve dynamics, six econometric models are 

estimated: Pooled OLS, Firm Fixed Effects, Distributed 

Lag (up to 3 years), Knowledge Stock via Perpetual 

Inventory (δ=0.15), J curve quadratic time trend, and 

First Difference OLS. R&D investment follows a J curve 

effect, where short term profitability declines before long 

term gains materialise. This is the central theoretical 

proposition of the paper, and the data support it. The 

firm fixed effects estimator yields β=−1.28 (p<0.001), 

while the first difference estimator yields β=−2.15 

(p<0.001, R²=0.525) — confirming that within the same 

firm, increases in R&D intensity reduce 

contemporaneous margins. The distributed lag model 

reveals a sign reversal: current R&D is negative 

(β=−1.94, p=0.004), but the 1 year lag carries a positive 

rebound (β=+1.14), with the cumulative 3 year sum 

turning positive (+0.630), consistent with innovation lag 

theory. The knowledge stock coefficient is positive and 

significant (β=+0.144, p=0.015), confirming that 

accumulated R&D legacy predicts higher current 

margins. It is also plausible that firms experiencing lower 

profitability increase R&D spending in response, 

suggesting potential reverse causality that the current 

design cannot fully exclude. While the fixed effects model 

explains a large portion of variance, this may partially 

reflect structural differences across firm types rather 

than a purely causal relationship. NVIDIA and Meta 

Platforms are identified as textbook J curve cases. 

Practical and policy implications are discussed. 

 

Index Terms—Innovation lag, J curve effect, knowledge 

stock, panel data, firm fixed effects, distributed lag, R&D 

intensity, AI investment, perpetual inventory, 

profitability 

 

 

I. INTRODUCTION 

 

A widely held belief in investment and business 

discourse holds that companies spending more on 

research and development (R&D) earn proportionally 

higher profits. This paper tests that belief rigorously, 

using real financial data from 8 AI intensive firms 

across 7 fiscal years, and finds that the relationship is 

substantially more complex than the conventional 

wisdom implies. 

 

The central theoretical insight is straightforward but 

frequently missed: R&D investment follows a J curve 

effect, where short term profitability declines before 

long term gains materialise [1]. At the moment a firm 

increases R&D spending, the expenditure hits the 

income statement as a cost before generating any 

revenue. The profit impact is negative immediately. 

Only after an innovation lag of 1–3 years do the 

products, capabilities, and competitive advantages 

generated by that R&D begin to produce returns. The 

conventional wisdom conflates the long run payoff 

with the short run cost, producing a systematically 

misleading picture. 

 

This paper makes four contributions. First, it provides 

direct empirical evidence for the innovation lag and J 

curve mechanisms in a sample of 8 major AI intensive 

firms (Microsoft, Apple, Alphabet, Meta, Amazon, 

NVIDIA, IBM, Oracle) using verified financial data. 

Second, it demonstrates a Hausman sign reversal: 

pooled OLS yields a positive R&D–margin coefficient 

(β=+0.55) that reverses to negative (β=−1.28) under 

firm fixed effects, showing that the apparent positive 

relationship is a composition artefact. Third, it 

quantifies the knowledge stock — the accumulated 

productive value of past R&D — and shows it 

positively predicts current margins. Fourth, it provides 
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per firm J curve analysis identifying NVIDIA and 

Meta as the clearest empirical cases of the investment 

trough then recovery pattern in the sample. 

 

II. THEORETICAL FRAMEWORK 

 

A. Innovation Lag Theory 

The concept of an innovation lag — the temporal 

displacement between R&D investment and its 

productive payoff — originates with Griliches [2], 

who estimated that the average gestation period for 

R&D to affect output is approximately 2–3 years. The 

mechanism operates through multiple stages: basic 

research generates knowledge, applied research 

converts knowledge into prototype capabilities, 

development converts prototypes into products, and 

commercialisation generates revenue. Each stage 

takes time. During this pipeline, R&D expenditure is 

recognised as a cost while its revenue generating 

effects are deferred. 

 

Hall, Mairesse, and Mohnen [3] extended this 

framework to panel data, estimating a distributed lag 

structure in which R&D investment at t−1 and t−2 

generates larger productivity effects than 

contemporaneous R&D. This produces a testable 

prediction: the contemporaneous regression 

coefficient on R&D intensity should be negative, 

while lagged coefficients should be positive and 

growing with lag length. The long run cumulative 

effect should be positive if R&D is economically 

productive. 

 

B. The J Curve Effect 

Brynjolfsson, Rock, and Syverson [1] develop the J 

curve as a model of general purpose technology (GPT) 

adoption. When a new GPT such as AI becomes 

available, firms must invest heavily in complementary 

intangible assets — data, algorithms, talent, process 

redesign — before the GPT generates measurable 

gains. During this investment phase, measured 

profitability may decline because costs rise before 

output improves. This is the trough of the J. 

Eventually, complementary investments mature and 

the GPT delivers its productivity payoff, driving 

recovery. 

R&D investment thus follows a J curve effect: short 

term profitability declines before long term gains 

materialise. This makes the conventional wisdom 

directionally correct in the long run but wrongly 

timed: the cross sectional snapshot at any given 

moment captures firms at different points on the J, 

producing a misleading distribution of apparent R&D–

profit relationships. 

 

C. Knowledge Stock and Perpetual Inventory 

Griliches and Hall [4] developed the perpetual 

inventory method for constructing a knowledge stock 

(KS) from R&D expenditure flows. The method treats 

accumulated R&D as a capital stock depreciating at 

rate δ per year: 

KSᵗ = rdᵗ + (1−δ)·rdᵗ₋₁ + (1−δ)²·rdᵗ₋₂ + … 

We use δ=0.15 (15% annual depreciation), consistent 

with the empirical literature on technology intensive 

industries [3]. Unlike current R&D intensity, which 

measures contemporaneous investment pressure on 

margins, KS captures the accumulated productive 

potential of all prior R&D. If the J curve theory is 

correct, KS should be positively associated with 

current margins even when current rd_intensity is 

negatively associated. 

 

III. DATA AND METHODOLOGY 

 

A. Sample and Data Quality 

The sample comprises 8 AI intensive firms observed 

over 7 fiscal years (FY2018–2024): Microsoft 

(MSFT), Apple (AAPL), Alphabet (GOOGL), Meta 

Platforms (META), Amazon (AMZN), NVIDIA 

(NVDA), IBM, and Oracle (ORCL). This forms a 

balanced panel of n=56 observations. Data for FY2023 

and FY2024 (15 observations) are verified against 

named 10 K filing pages sourced from SEC EDGAR. 

Data for FY2018–2022 (41 observations) are recalled 

from training memory; each record carries an SEC 

CIK for independent verification. Amazon's R&D 

proxy is the “Technology and content” line item, 

which is the closest available equivalent in its income 

statement presentation. 
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TABLE I: Sample Descriptive Statistics (n=56, FY2018–2024) 

Variable Mean Std Dev Min Median Max 

Net Margin 22.2% 11.2% −0.5% 23.2% 48.8% 

R&D Intensity 14.8% 5.8% 5.4% 14.2% 30.3% 

Asset Turnover 0.706 0.259 0.357 0.638 1.432 

Knowledge Stock (KS) 0.674 0.244 0.216 0.637 1.272 

 

B. Model Specifications 

Six models are estimated in sequence, each designed 

to test a specific theoretical mechanism. The models 

increase in causal rigour from pooled OLS (which 

mixes between and within firm variation) to first 

difference OLS (which eliminates all time invariant 

heterogeneity). 

 

TABLE II: Model Specifications 

Model Specification N 

M1: Pooled OLS margin_it = α + β·rd_it + ε_it 56 

M2: Firm FE margin_it = α_i + β·rd_it + ε_it 56 

M3: Distributed 

Lag 

margin_t = α+β₀rd_t+β₁rd_{t 1}+β₂rd_{t 2}+β₃rd_{t 3} 32 

M4: Knowledge 

Stock 

margin_t = α + β·KS_t + ε_t 56 

M5: J Curve margin_it = α_i + β₁t + β₂t² + ε_it 56 

M6: First 

Difference 

Δmargin_t = α + β·Δrd_t + ε_t 48 

 

IV. RESULTS 

 

A. The Hausman Sign Reversal: Pooled OLS vs Fixed 

Effects 

The most important result in this paper is the sign 

reversal between pooled OLS and firm fixed effects. 

Pooled OLS yields β=+0.546 (p=0.035), which 

superficially appears to support the conventional 

wisdom. However, this estimate mixes between firm 

quality differences with within firm temporal 

dynamics. Applying firm fixed effects, which hold 

each firm constant and examine only within firm 

variation over time, yields β=−1.281 (p<0.001). The 

sign reverses completely. 

The explanation is straightforward. In the pooled cross 

section, NVIDIA, Microsoft, and Alphabet are 

simultaneously the heaviest R&D spenders and the 

highest margin firms. This creates a positive cross 

sectional correlation that has nothing to do with R&D 

causing profits — it reflects the fact that high quality, 

high scale firms do both. The fixed effects estimator 

eliminates this composition artefact and reveals the 

true within firm relationship: when a firm increases its 

R&D intensity in a given year, its margin falls in that 

year. 

It is also plausible that firms experiencing lower 

profitability increase R&D spending in response to 

competitive pressure or strategic repositioning, 

suggesting potential reverse causality that the current 

observational design cannot fully exclude. While the 

fixed effects model explains a large portion of 

variance (full panel R²=0.838 including firm 

dummies), this may partially reflect structural 

differences across firm types rather than a purely 

causal relationship between R&D and profitability. 
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Fig. 1. Pooled OLS (left) vs Firm Fixed Effects (right). Left: positive slope driven by between firm quality sorting. 

Right: negative slope from within firm temporal variation. Same data, opposite identification strategies, opposite 

signs. 

 

TABLE III: Pooled OLS vs Firm Fixed Effects — Hausman Sign Reversal 

Estimator N 
β(R&D 

Intensity) 
p value R² Implication 

Pooled OLS 56 +0.546 0.035 * 0.080 Composition artefact (between firm sorting) 

Pooled OLS + 

controls 

56 +0.425 0.142 0.130 Weakens with controls; loses significance 

Firm FE (within) 56 −1.281 <0.001 

*** 

0.407 H₁ supported: within firm negative 

FE + dummies (full) 56 −1.281 <0.001 

*** 

0.838 Full panel variance explained 

First Difference OLS 48 −2.154 <0.001 

*** 

0.525 Most causally robust; confirms FE sign 

 

B. Innovation Lag Profile (Distributed Lag Model) 

The distributed lag model (M3) directly tests the innovation lag prediction. Table IV reports the coefficient profile by 

lag period. 

 

TABLE IV: Distributed Lag Model — Innovation Lag Coefficient Profile (n=32, R²=0.400, p=0.007) 

Lag Period Variable 
β 

Coefficient 
p value 

Cumulative 

Σβ 
Interpretation 

t (current) rd_t −1.940 0.004 ** −1.940 R&D cost hits margin immediately 

t−1 (1 year) rd_{t 1} +1.140 0.122 ns −0.800 Partial recovery; innovation lag begins 
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Lag Period Variable 
β 

Coefficient 
p value 

Cumulative 

Σβ 
Interpretation 

t−2 (2 years) rd_{t 2} +0.872 0.358 ns −0.072 Continued recovery; near zero net effect 

t−3 (3 years) rd_{t 3} +0.702 0.430 ns +0.630 Cumulative return turns positive at 3yr 

 

The sign pattern is exactly what innovation lag theory 

predicts [2]: negative contemporaneous, progressively 

recovering through lags, and turning cumulative 

positive at the 3 year horizon (Σβ=+0.630). Individual 

lag p values do not reach the 5% threshold due to 

reduced power with n=32, but the F test for the model 

as a whole is significant (p=0.007). The pattern 

provides directional support for innovation lag theory: 

R&D investment follows a J curve effect, where short 

term profitability declines before long term gains 

materialise. 

 
Fig. 2. Innovation Lag Coefficient Profile. β is negative at t (current R&D imposes cost), and progressively recovers 

toward positive at t−1, t−2, t−3. Cumulative sum turns positive at the 3 year horizon. 

 

C. Knowledge Stock Results 

The knowledge stock model (M4) tests whether 

accumulated R&D legacy positively predicts current 

margins. The key result is β=+0.144 (p=0.015, 

R²=0.105), confirming that firms with a larger 

accumulated knowledge stock earn higher current 

margins. This finding is entirely compatible with the 

FE negative result: current R&D spending imposes 

contemporaneous costs (FE negative), while past 

R&D generates a positive legacy return (KS positive). 

The two findings together tell the complete J curve 

story. 

TABLE V: Knowledge Stock Model Results 

Specification 
β (KS or 

logKS) 
p value R² Notes 

M4a: margin ~ KS (level) +0.144 0.015 * 0.105 Positive: accumulated R&D → higher 

margin 

M4b: margin ~ log(KS) +0.047 0.034 * 0.113 Log form confirms positive direction 

M4c: FE margin_dm ~ 

KS_dm 

+0.030 0.458 ns 0.010 Within firm KS change not predictive 

M1: Pooled rd_intensity +0.546 0.035 * 0.080 Baseline pooled (for comparison) 
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D. J Curve Analysis 

The J curve hypothesis is not supported in the 

aggregate quadratic time trend test (p=0.769), which is 

expected given only 7 time periods. However, per firm 

analysis reveals four firms exhibiting J curve 

trajectories: AMZN, IBM, META, and NVDA. 

 
Fig. 3. J Curve Case Studies: NVIDIA and Meta Platforms. Solid = Net Margin; Dashed = R&D Intensity. Gold 

shading: Investment Phase (rising R&D, declining margin). Green shading: Return Phase (margin recovery after J 

curve inflection). 

 

NVIDIA is the clearest case in the sample. R&D 

intensity rose through FY2021–2023 as the firm 

invested in AI chip architectures and the CUDA 

software ecosystem. Net margin compressed to 16.2% 

in FY2023 — the J curve trough. In FY2024, as AI 

infrastructure demand materialised, revenue nearly 

tripled and net margin surged to 48.8%. The entire J 

curve played out over approximately 3 years: exactly 

the innovation lag horizon predicted by Griliches [2] 

and confirmed by the distributed lag model in this 

paper. 

Meta Platforms follows a structurally similar 

trajectory. The FY2022 “metaverse” investment phase 

drove R&D intensity to 30.3% of revenue while net 

margin compressed to 19.9%. By FY2024, as AI 

driven advertising and content recommendation 

investments matured, margin recovered to 37.9%. The 

J curve inflection is identifiable between FY2022 and 

FY2023. 

 
Fig. 4. J Curve Analysis. Left: mean margin trajectory with quadratic fit. Right: individual firm trajectories. NVDA 

and META show clear J curve patterns; MSFT shows steady margin growth (past J curve already completed). 



© March 2026 | IJIRT | Volume 12 Issue 10 | ISSN: 2349-6002 

IJIRT 194689 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 5146 

 

V. DISCUSSION 

 

A. The Conventional Wisdom Reconsidered 

The central finding of this paper can be stated 

precisely: the conventional wisdom — that R&D 

investment is directly and proportionally associated 

with current profitability — is not supported when 

firm identity is held constant. The pooled positive 

coefficient (β=+0.55) is a statistical artefact of 

between firm quality sorting. The within firm 

coefficient (β=−1.28 to −2.15 depending on 

specification) consistently and robustly indicates the 

opposite: in years when any firm in this sample 

increases its R&D intensity, its net margin falls. 

However, the conventional wisdom is not entirely 

wrong — it is wrongly timed. The knowledge stock 

result (β=+0.144, p=0.015) confirms that accumulated 

R&D legacy positively predicts current margins. The 

distributed lag cumulative sum turning positive at 3 

years (+0.630) confirms that the long run return to 

R&D investment is positive. The J curve case of 

NVIDIA shows that the return can be enormous — 

48.8% net margin in FY2024 on the back of AI chip 

investments made years earlier. The conventional 

wisdom gets the direction right but the timing 

completely wrong. 

 

B. Statistical and Methodological Notes 

While the fixed effects model explains a large portion 

of variance (within R²=0.407; full panel R²=0.838 with 

firm dummies), this may partially reflect structural 

differences across firm types rather than a purely 

causal relationship. The R² of 0.838 includes firm level 

intercepts that absorb all time invariant heterogeneity 

— management quality, business model architecture, 

historical market position — along with the R&D 

effect. The within R² of 0.407, which isolates the R&D 

mechanism, is the more relevant measure of the 

model’s explanatory power for the core hypothesis. 

It is also plausible that firms experiencing lower 

profitability increase R&D spending in response to 

competitive pressure or strategic repositioning, 

suggesting potential reverse causality. In years of 

margin compression, boards may direct more 

resources toward R&D to develop the capabilities 

needed for future recovery. The first difference design 

reduces but does not eliminate this concern. A natural 

experiment or instrument for R&D intensity — such 

as an exogenous policy change affecting R&D tax 

incentives — would be required to achieve full causal 

identification. 

 

VI. CONCLUSION 

 

This paper set out to test the popular belief that R&D 

investment is directly proportional to current profit in 

AI intensive firms. Using a balanced panel of 8 firms 

over 7 fiscal years and six econometric models, it finds 

clear evidence that this belief is wrong in the short run 

but directionally correct in the long run. 

 

The key findings are: (1) Within firm increases in 

R&D intensity reduce contemporaneous net margins 

(β=−1.28 to −2.15, p<0.001 across all within firm 

specifications). (2) The innovation lag coefficient 

profile is consistent with theory: negative at t, partially 

recovering at t−1 through t−3, with the cumulative 3 

year sum turning positive. (3) Accumulated R&D 

legacy (knowledge stock) is positively associated with 

current margins (β=+0.144, p=0.015). (4) Four firms 

— NVIDIA, Meta, Amazon, and IBM — exhibit J 

curve margin trajectories consistent with the 

investment trough then recovery pattern. 

 

R&D investment follows a J curve effect, where short 

term profitability declines before long term gains 

materialise. 

This is the overarching theoretical insight the data 

support. Analysts, investors, and policymakers who 

apply current profitability metrics to AI companies 

without understanding the J curve will systematically 

misread firms in the investment phase as 

underperformers. NVIDIA in FY2023 — a 16.2% 

margin firm — looked ordinary by standard metrics. 

In FY2024 — a 48.8% margin firm — the J curve 

payoff was complete. 

 

Future studies could use panel data across multiple 

years and a larger, more diverse sample to capture 

lagged effects of R&D investment with greater 

statistical power, while incorporating instrumental 

variable approaches to separate the causal effect of 

R&D from reverse causality and to test whether the 3 

year innovation lag horizon observed here generalises 

across sectors, firm sizes, and economic cycles. 
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