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Abstract

The semiconductor (solid-state electronics) industry is a prime ex-
ample of global production sharing, of the translation of basic research
into productivity, and of the power of a general-purpose technology to
boost macroeconomic growth. Study of these questions requires mea-
sures of industry output and prices that are complete and consistent
across time, economies, and product types. Such data are not cur-
rently available. We solve this problem by measuring volume directly,
relying on plant-level measures of capacity, industry utilization, and
easily observed parameters for the state of technology. That is, we
do not rely on estimation of constant-quality price indexes, which are
the primary source of time-series, cross-sectional, and cross-product
inconsistency for semiconductor industry measurement. We construct
quarterly-frequency output indexes and implicit prices for key semi-
conductor product classes for five economies spanning the 1996-2022
period. Our results compare favorably to official measures for time
periods and economies where measurement is believed to be reliable.
In other cases, our output and price measures are appreciably differ-
ent from official measures and suggest rather different stylized facts
for the global industry.
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1 Introduction

The semiconductor (solid-state electronics) industry is a prime example of
global production sharing, of the translation of basic research into productiv-
ity, and of the power of a general-purpose technology to boost macroeconomic
growth. Study of these questions requires measures of industry output and
prices that are complete and consistent across time, economies, and products.
Such data are not currently available.

We solve this problem by measuring volume directly, relying on global
data on plant-level capacity adjusted for industry utilization and the pro-
duction technology in use to produce output indexes. That is, we do not
rely on estimation of constant-quality price indexes, which are the primary
source of time-series and cross-sectional inconsistency for semiconductor in-
dustry measurement. Specifically, we show that a simple count of transistors
per chip provides a serviceable indicator of performance and, consequently,
nominal output divided by transistors provides a price-performance ratio that
may be used as a quality-adjusted price index.”

We make no claim that our simple approach—using transistors alone as
a measure of quality—is preferable to approaches that leverage more de-
tailed product characteristics for more narrowly targeted studies. Instead,
we demonstrate that because transistors are highly correlated with perfor-

ington, D.C. The views expressed in this paper are not represented to be the
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the CRediT taxonomy (Allen, O'Connell and Kiermer, 2019), are Byrne (con-
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writing-review and editing), Andrea Garcia (data curation, software), Hamins-
Puertolas (project administration, software, data curation), Harnish (software,
data curation, writing—original draft, writing-review and editing), and Steve
Young (resources). The authors are grateful for comments from Marshall Reins-
dorf and participants in seminars at the Bureau of Labor Statistics and the Federal
Reserve Board. The authors are grateful to the computer science community for
the “world turtle cosmology” joke that inspired the title, which dates back at
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work without permission from the authors. Corresponding author: Dave Byrne,
david.m.byrne@frb.gov.

2For simplicity, we use “transistors” as shorthand for all devices found on semiconduc-
tors, including transistors, capacitors, and other. Where appropriate, we make a distinc-
tion between transistors and other features.



mance, they provide a reasonable facsimile of full quality adjustment. And,
most importantly, this approach can be used throughout the history of the
industry, in all countries, and for all products. That is, we can rule out data
sources, methods, and ad hoc assumptions as a cause of spurious variation
that may undermine broad analysis of the industry.

We construct quarterly-frequency output indexes and implicit prices for
key semiconductor product classes in the five economies that dominate the
chip industry, spanning the 1996-2022 period. In particular, we provide re-
sults for microprocessors, memory chips, and other logic chips, which collec-
tively account for roughly 70 percent of global chip production.” Our results
compare favorably to official measures for time periods and economies where
measurement is believed to be reliable. In other cases, our output and price
measures are appreciably different from official measures and suggest rather
different stylized facts for the global industry.

2 Existing Methods

Nearly all global production of semiconductors takes place in China,
Japan, South Korea, Taiwan, and the United States, so we have focused on
those economies in the initial stages of the project.” Official semiconductor
production statistics in these economies, excepting China, are constructed
as nominal output divided by a price index meant to account for the evolv-
ing quality of the chips produced.” Because the collection of information on
nominal output is relatively straightforward, we focus our attention on issues
that arise in price index construction.

Official price indexes are most often calculated using a matched-model
approach: Prices for goods in a representative basket are observed repeat-
edly over time, and, for each period, item-level price changes (relative to
the previous period) are averaged across the basket using weights reflecting
their relative importance for production, when available. Under the main-
tained assumption that the quality of each individual item in the basket is

3The remaining product classes and countries, plus history back to the beginning of
the industry in the early 1950s will be added to the analysis in future revisions.

487 percent of non-R&D wafer capacity was located in these five economies in 2022
according to SEMI (Semiconductor Equipment and Materials International). Our sources
and methods will permit us to eventually produce results for all economies with semi-
conductor industries.

5China provides a unit count of chips produced as an indicator of production.



invariant over time, the price index thus created often provides a serviceable
indicator of aggregate price trends, particularly when the product market is
competitive and observations are reasonably frequent. In particular, in the
presence of sufficient competition to ensure that the “law of one price” ap-
plies, when a new model enters with a lower price-performance ratio—more
quality for a lower price, say—the prices of incumbent models can be ex-
pected to fall, leading the workhorse matched-model index to capture the
correct price trend through the growth rate of the incumbent models. Thus
the matched-model index accounts for quality change indirectly.

However, in the case of I'T equipment, short product life cycles and im-
perfect product-market competition often undermine the matched-model ap-
proach. For product markets characterized by imperfect competition—such
as when the cost of switching between products or platforms creates market
power—price declines for incumbent items may not capture the full differ-
ence in quality between new and old items.” For example, committed users
of older systems may pay more for their equipment on a quality-adjusted
basis because they are reluctant to switch to newer options. In such cases,
supplemental analysis is needed to attribute a portion of the premium or dis-
count for the new item relative to incumbent items to a difference in quality,
leaving the residual as a measure of pure price difference (inflation).

This supplemental analysis often takes the form of imputing a price for a
new product in the period just prior to its entry. The price change between
the imputed price and the first observed market price is then folded into the
matched-model index calculation, thus reducing the reliance on the induced
price change in incumbent models for capturing quality change. This can
be done with a “hedonic” regression, which leverages the correlation of item
prices with observed product characteristics. Provided the qualities valued
by the user, both observed and unobserved, are correlated with the character-
istics observed by the statistician, this approach can be expected to perform
well. The clock speed of a computer processor, say, may serve as a proxy for
a set of unquantified characteristics of interest to the consumer such as the
speed with which the processor can sort the rows of a spreadsheet.

Most hedonic studies closely examine the market and the technology for
the product of interest and cast a wide net to consider as many observable
characteristics of the product and the market as possible, hoping to hit upon
a regression specification that will “explain” as much of the price variation as

6See the discussion of the computer market in Dulberger (2007), for example.



possible. Other studies defer to the expertise of electronics industry insiders,
who have constructed benchmark tests meant to measure the performance on
tasks for which the product is known to be widely used (Byrne, Oliner and
Sichel, 2018; Chwelos, 2003). Although our price indexes are not hedonic in
nature, they are in the sp1r1t of the latter approach in that we use benchmark
scores as a measure of quality.

2.1 Prices by Product Type

Although the producer price indexes (PPIs) produced by official statisti-
cal agencies are the natural choice for analysis of the industry, supplemental
analysis by outside researchers gets significant attention for several reasons.
First, official product-level indexes can be suppressed in public distributions
due to concerns about disclosing sensitive information regarding specific re-
porting companies. Second, responding companies may not be representative
of the industry as a whole. And, third, researchers may prefer to have greater
visibility into sources and methods than is available from official sources. We
examine approaches used for official and research price indexes for the prod-
uct types that are the focus of this paper—microprocessors, memory, and
other logic—restricting our attention to the United States.

2.1.1 Microprocessors

Figure 1 on page 6 presents the producer price index (PPI) published by
the Bureau of Labor Statistics (BLS) for microprocessors—the black line—
along with available research indexes. The PPI has some undesirable prop-
erties for economic research.”

e There are periods where no index is available. From 2015 onward, the
MPU PPI is not disclosed, an unfortunate omission in a time when

" Analysis was conducted in R (R Core Team, 2021) supplemented with the packages
cited here (Arel-Bundock, Enevoldsen and Yetman, 2018; Bialek, 2022; Bryan, 2016; Hall-
man, 2018, 2020; Capital Markets section, Research dll(l Statistics 131\1\1011 Fe (lual Re-
serve Board, Harkrader, Seok, Dwyer, Konzem and Deluca, 2017; Ooms, 2021; Schauberger
and Walker, 2021; Wickham, 2007; W ickham, Aver ick, Bryan, (,hang Mc (;(m an, Francois,
Grolemund, Hayes, Henry, Hester, Kuhn, Pedersen, Miller, Bache, Miiller, Ooms, Robin-
son, Seidel, Spinu, Takahashi, Vaughan, Wilke, Woo and Yutani, 2019).



many observers are concerned about a technology slowdown in the in-
dustry. And, MPU production began roughly ten years before the PPI
series starts in 1981.

e An index for the processing function broadly defined would be more
useful for productivity analysis. Nordhaus (2007) found that the cost
of computing began to fall rapidly in 1944, long before the introduction
of MPUs. Flamm (1987) estimates that the price of CPUs (central
processing units), the precursors to MPUs, fell an average of 28 percent
per year from 1957 to 1996.°

e Sources used vary across the history of the index. Beginning in 1997,
BLS incorporated secondary source data into the index due to the non-
cooperation of some sampled firms. Although BLS cannot disclose the
identity of the firm in question Byrne et al. (2018) mimic the PPI
using publicly-available Intel price lists for 1,000 unit trays, suggesting
Intel stopped cooperating with price collection and the PPI is based on
their list prices. Whether MPUs are actually sold to major computer
manufacturers at these list prices is unknown to the authors. That is,
these may not be transaction prices.” From the mid-1990s forward, all
research indexes shown suffer from the same shortcoming as they also
rely on Intel list prices.

e Index methods vary across the history of the index. In 2011, BLS
switched from a matched-model approach to a time-dummy hedonic
methodology.

e The PPI displays a markedly slower rate of secular decline than almost
all the research indexes shown—the grey lines—for reasons unknown to
the authors. One possibility is that low-performance trailing edge pro-

cessors produced for use equipment other than computers are heavily
weighted in the PPI (Holdway (2000)).

8Prior to the advent of MPUs, which contain all elements of the CPU on a single
microchip—arithmetic logic unit, controller, and cache memory—the functions were per-
formed by a set of components, known collectively as the CPU.

9Some online sales of single units take place at these prices, but this is a minor portion
of the market.



Figure 1: Microprocessor Price Indices for the U.S. Industry
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Source: Bureau of Labor Statistics, Grimm (1998), Aizcorbe, Corrado, and Doms (2003), Flamm (2007), Holdway (2000), Byrne, Oliner,
and Sichel (2018), Sawyer and So (2017).

2.1.2 Memory

The BLS PPI for memory chips is shown in fig. 2 on the next page along
with available alternative indexes. It has shortcomings for use in the study
of broad research questions as well.

e There are periods where no index is available to the public. Memory
chip production for commercial use began in the late 1960s, roughly ten
years before the PPI series starts.'” And, from 2004 forward, no index
is released to the public. In the U.S. industry, Micron, Inc. accounted
for almost all memory production from the mid-2000s forward—a likely
explanation for the PPI not meeting requirements for disclosure.

e Research price indexes and the PPIs from Korea—the center of the
global memory industry—and Japan have found substantially faster
rates of decline.

The alternatives to the BLS PPI have shortcomings as well. The Federal
Reserve Board (FRB) research index shown is based on commercially avail-
able memory market data. These data provide average prices for product

10T fig. 2 on the following page, prices prior to the advent of memory ICs correspond
to ferrite memory cores.



classes, not model-level data. In addition, the weights provided in the com-
mercial sources correspond to sales, not production. And, of course, the
Bank of Korea and Bank of Japan indices correspond to the Korean and the
Japanese memory industry, respectively. That being said, under an assump-
tion that memory prices are set globally, these indexes are reasonable proxies
for U.S. production prices. Following that logic, the Bank of Korea price is

used to extrapolate the FRB price index in the construction of the industrial
production index.

Figure 2: Memory Price Indices for the U.S. Industry
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2.1.3 Other Logic

“Other logic,” as defined here, includes processors designed for narrow
purposes, in contrast to MPUs, which are designed to be used for a wide
array of calculations. Among these chips are hardware accelerators—which
specialize in graphics (GPUs), artificial intelligence (TPUs), signal process-
ing (DSPs), and so on—and application specific integrated circuits (ASICs),
which are customized for a particular device—an entertainment device, a
motor vehicle, etc.'” The BLS does not release a PPI for other logic. A price

1 Also included are standard cell logic, FPGAs (field programmable gate arrays), and
general purpose logic, both MOS (metal oxide semiconductor) and bipolar types.



index constructed using average prices from the Semiconductor Industry As-
sociation for other logic product classes is shown in fig. 3. In contrast to the
rapidly falling FRB price indexes for microprocessors and memory chips, the
other logic price index only inches down over time. In light of the highly
innovative and competitive nature of other logic production, this contrast is
implausible. Acknowledging this tension, the FRB uses a geometric mean
of the three indexes shown to deflate nominal output of other logic chips in
the industrial production index. An index built directly from data on these
chips would be more defensible.

Figure 3: Federal Reserve Board Price Indexes by Chip Type
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2.2 Semiconductor Quality by Country

Figure 4 on the following page illustrates tension among national mea-
sures from a different perspective. The apparent quality of chips produced
has a wildly different trajectory in four of the leading national semiconductor
industries. Real output, measured by industrial production, divided by a
measure of unit production—the amount of silicon used in the industry mea-
sured in wafers—provides an indicator of the quality of industry output.'”

12The wafer index is constructed using data from Semiconductor Industry Materials
International and Gartner, Inc., as explained in section 5 on page 20.



U.S. chip quality climbs at a rate of roughly 20 percent per year, on aver-
age from 1991 to 2022. Quality in Taiwan, long a rival of the U.S. industry
for semiconductor innovation, climbs at only a modest pace, Japanese quality
moves roughly sideways, and quality in the Korean industry shows an out-
right decline. In light of the differing sources and methods used for industrial
production in these four economies, one cannot take this result at face value.

The highly implausible contrast between national industries shown in
fig. 4 highlights the need for statistics for the global industry created with
a consistent approach. With that goal in mind, we anchor our measures in
data available for all economies over the full history of the industry, which
are primarily measures of plant capacity and technology in use. To translate
these data into economic output requires an understanding of the production
techniques employed by the industry.

Figure 4: Implied Chip Quality by Country
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Source: National statistical agencies, SEMI (Semiconductor Equipment and Materials
International), Gartner, Inc., authors' calculations.

3 Semiconductor Manufacturing

The fabrication of semiconductors, in contrast to the predecessor circuitry
technology based on electrical relays, entails the creation of electronic devices

9



Figure 5: Moore’s Framework
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Figure 8. Resolution of the increase in complexity into die size, dimension
reduction and “cleverness” factors. Proceedings IEEE IEDM 1975.

on a substrate of semiconducting material, most commonly silicon at the time
of writing. These devices may be discrete components—individual transis-
tors, capacitors, resistors, and so forth—or integrated circuits (ICs) which
perform logical functions such as mathematical transformations (processors)
or hold data to be processed (memory). In semiconductor fabrication plants
(fabs), multiple copies of the same device are created on a silicon wafer in
a series of steps involving addition and removal of materials on the surface.
The individual devices are then cut out of the wafer, tested, packaged, and
shipped to customers for use in final electronics, such as computers.

In great part, as Moore (1965, 2006) noted, technical progress in the in-
dustry consists in “cramming more components on integrated circuits” to
lower production costs, increase reliability, and raise the speed of the de-
vices.'” As shown in fig. 5, this is done by increasing chip (die) size, minia-
turization (dimension reduction), and improving layout (cleverness).

Increasing the size of the wafer used drives down production costs as well.
Over time, the industry has introduced silicon wafers of progressively greater
diameters, lowering the cost of production through scale economies and by
reducing the wasted silicon at the edge of the wafer caused by placing rect-
angular chips on a circular surface (fig. 6a on the following page). Die size
has risen as well, enabling the integration of more logic onto a single chip,
reducing costs and raising reliability, albeit at the cost of greater wasted sili-

3By combining on one chip the elements of a system, such as a computer, formerly
realized on discrete chips and connected together on a circuit board, an integrated circuit
advances all three of these objectives.
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Figure 6: Factors Affecting Transistor Count
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con. Miniaturization, achieved through advances in photolithography—using
fine wavelengths of light to create tiny circuit elements on silicon—and other
technologies raises the number of components achievable in a given surface
area and in some cases increases the clock rate—number of electronic pulses
per second—of the device, a key contributor to performance. The state of
miniaturization—referred to as the “node,” “geometry,” or “line width”—
at a semiconductor plant is measured by the distance between certain el-
ements on the chip, typically between two lines used for interconnections
between gates (metal pitch) or between gates themselves (contacted gate
pitch) (fig. 6b). Finally, a given abstract circuit design can be laid out on
the silicon substrate in a variety of ways, some of which are more compact
than others—more “clever” in Moore’s description (fig. 6¢). Very recently,
the industry has turned to stacking gates on top of one another—another
form of “cleverness”—and layers of stacking has become a relevant param-
eter in characterizing the state of technology in addition to contacted gate
pitch and metal pitch (fig. 6b).

As Moore (1965, 2006) observed, while pulling more logical elements onto
an integrated circuit lowers production costs—relative to the alternative of
using discrete components arrayed on a circuit board—cramming more com-
ponents on a chip also lowers the yield of useable chips from a wafer as each
component has a small probability of being defective and more components
entails more chances for the chip as a whole to be defective, lowering the yield
of good chips per wafer (fig. 7a on the following page). Consequently, there
is an optimal number of components to put on an integrated circuit at any
point in time. Looking ahead in 1965, he anticipated that this optimal num-
ber would double every year. Reevaluating the state of the industry, Moore

11



(1975) concluded that the contribution of increasing cleverness—more com-
pact circuit designs—had diminished and predicted that the optimal number
of components on an IC would take two years to double from 1980 forward,
a prediction known as Moore’s Law (fig. 7b).

Figure 7: Moore’s Law
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Moore’s predicted outcome has come to pass for nearly 50 years. That is,
the complexity of ICs—measured by the number of components—has dou-
bled roughly every two years, on average. The question of whether Moore’s
Law holds is not easily answered precisely. As shown in fig. 8 on the follow-
ing page, at each point in time, a range of complexities (component counts)
is on offer in the market, not a single complexity. Moore provided a useful
but highly stylized depiction of the supply side of the market—an approach
economists will appreciate (fig. 7a)—but, without a fully specified model, in-
cluding a richer supply side that accounts for product location in characteris-
tics space as well as a demand side, Moore’s Law is not a testable hypothesis.
Nevertheless a log-linear regression of transistor counts on time—shown in
the figure—yields a coefficient on the time of 0.3282, impling a doubling of

12



transistors per chip every 2.11 years. It seems Moore was off by 6 weeks.

Figure 8: Transistor Counts for MPUs and GPUs
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Note: Moore (1975) predicted that transistors per processor would
double every two years beginning in 1980. The average increase
for the models shown is 93% every two years. Intel stopped
reporting the number of transistors on its MPUs in 2014.

Source: Wikipedia, accessed 4/7/2023.

Discussions of Moore’s Law have at times been mistakenly focused on the
dimension reduction contribution alone. The pace of miniaturization has, in
fact, slowed down in recent years, as shown in fig. 9 on the following page,
a development somewhat obscured by industry communication strategy: In
the early 2000s, leading semiconductor manufacturers adopted the mislead-
ing practice of reporting “effective” rather than actual linewidth, in an effort
to convey their continued success in pushing performance forward despite a
slowdown in miniaturization. Moore’s Law as originally stated (about com-
ponent counts) has held despite this development due to rising contributions
from the “cleverness” factor included in Moore’s analysis (fig. 5 on page 10).
In addition to the more compact circuit layout Moore had in mind, exam-
ples of cleverness include technology to stack memory cells vertically and
transistors with “fins” that allow for multiple gates in the same location.

The components Moore was referencing are primarily transistors, though
capacitors, diodes, and resistors are found on ICs as well. Most notably,
DRAM (dynamic random access memory) relies heavily on capacitors. We
will refer to transistors—the most important components, except in the case
of DRAM and optoelectronics—in our component counts for simplicity. Fig-
ure 10a on page 15 shows a stylized transistor. Electric current travels from
the source (S) to the drain (D) when the gate (G) made of semiconducting

13



Figure 9: Definitions of Semiconductor Technology Nodes
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and successor publications.

material (in pink) is caused to switch from an insulator to a conductor by
current in the black connector. This allows the transistor to act as an on-off
switch and to represent a Boolean variable. Using transistors, any Boolean
logic can be represented in a solid-state electronic form. For example, fig. 10b
on the next page shows the use of semiconductor transistors (the thick verti-
cal green lines) to create a NAND (“not and”) Boolean function, also known
as a gate. Two electrical lines enter the gate. If each has positive voltage,
the exiting line will not conduct current; otherwise it will.'* Figure 10c on
the following page shows a microprocessor—an integrated circuit for general-
purpose calculation—built from millions of gates which are, in turn, built
primarily from transistors. Thus the number of transistors found on an IC
are a measure of its complexity.

4 Transistors as a Barometer of Quality

Because the IC transistor count rises with circuit complexity, it serves as
an indicator of quality from an engineering perspective. Whether this corre-

)

1MNAND gates have the useful property of being a “universal gate,” meaning that any
Boolean logic can be represented entirely in NAND gates. The use of universal gates
simplifies the semiconductor production process.

14



Figure 10: From Transistors to Integrated Circuits

(a) Transistor (b) Gate (c) Integrated Circuit

G

Note: In the transistor figure, elements are source (S), drain (D), gate (G),
and base (B); Pink material is semiconducting material. The gate depicted
is a NAND gate. The integrated circuit depicted is a microprocessor.
Source: Wikimedia Commons.

sponds to more performance as valued by the ultimate user of the device—
the “quality” economists have in mind—is a separate question. We test this
proposition using benchmark performance scores. Device benchmarks mimic
common use cases either with a suite of complete programs (sorting strings,
searching for prime numbers, etc.) or a set of fundamental computing tasks
(loading data, addition, etc.). As Triplett (2005) notes, “benchmark mea-
sures have the advantage that they measure machine performance, rather
than measuring some proxy for machine performance, or some input that may
influence machine performance.” That is, although much of the literature on
quality-adjusting output and prices has focused on physical or engineering
characteristics, this is only a suitable approach to the extent that device
performance from a user perspective is correlated with those characteristics.
Ohta and Griliches (1976) express the same view, noting that “ideally, qual-
ity adjustments should be based on performance variables, which presumably
enter the utility function directly, not physical characteristics.”'” Unfortu-
nately, benchmarks are not available for all chip types in all time periods, so
they cannot be the foundation for a complete measurement system. Where
coverage is available, though, we find that performance is highly correlated
with transistor counts, suggesting they serve as a reasonable indicator of
quality-adjusted production.

15Tn some cases, there has been little difference between quality adjustment based on
physical characteristics and based on benchmark performance (Chwelos, 2003), and in
others, that has not been the case (Byrne, Oliner and Sichel, 2018).
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Figure 11: Microprocessor Benchmark Performance v. Transistors

(a) MIPS Benchmark (b) Passmark Benchmark
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Note: Panel a uses Intel processors released from 1971 to 2014. Panel b
includes Intel Pentium III, Pentium 4, Core i3, Core i5, Core i7, and Celeron
MPUs. Panels ¢ and d are primarily high-performance MPUs. SPEC scores
are geometric mean of integer and floating point “rate” scores.

Source: For panel a, Intel Inc., Wikipedia, Computer History Museum. For
panel b, Passmark, Inc. For panels ¢ and d SPEC (System Performance
Evaluation Corporation).
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Table 1: Processor Benchmark Alternatives

‘ Benchmark ‘ Coverage ‘ Dates ‘ Access ‘
Microprocessors
MIPS broad 1954— | public
PassMark broad 2006— | license
SPEC Server MPUs | 1989— | public
GeekBench PC MPUs TBD | TBD
GPUs
PassMark PC GPUs TBD | licensed
SPEC Server GPUs | 1989— | public
GeekBench PC MPUs TBD | TBD
Google TPU TPUs TBD | TBD
RAM Memory
PassMark RAM | broad 2003— | licensed

Note: SPEC is System Performance Evaluation. GPU is graphics processing
unit. TPU is Tensor processing unit.
Sources: Passmark: http://www.passmark.com/; SPEC: http://spec.org/;

GeekBench: http://www.geekbench.com/; MIPS:  “Computer
Benchmarks, Stress Tests and Performance History,” Roy Long-
bottom, (http://www.roylongbottom.org.uk/); Google TPU:

http://cloud.google.com/blog/products/ai-machine-learning /cloud-tpu-
v4-mlperf-2-0-results.

We employ results from several sources to test the relationship between
benchmarks and transistor counts (table 3 on page 19). For MPUs, we com-
pare transistor counts to three benchmarks—MIPS (Million Instructions per
Second), Passmark CPU Mark, and SPEC CPU (System Performance Eval-
uation Corporation)—each of which has its advantages.

Figure 11a on the preceding page shows that for Intel MPUs released be-
tween 1971 and 2014, there is a tight relationship between transistor count
and performance. (The correlation between log transistor count and log
MIPS score is 0.97.) MIPS has the appeal of coverage over a long period of
time, but has the drawback of using of representative programming instruc-
tions rather than full programs.'®

16Because MPUs from different architecture families—Intel’s x86, IBM’s PowerPC—use

17


http://www.passmark.com/
http://spec.org/
http://www.geekbench.com/
http://www.roylongbottom.org.uk/
http://cloud.google.com/blog/products/ai-machine-learning/cloud-tpu-v4-mlperf-2-0-results
http://cloud.google.com/blog/products/ai-machine-learning/cloud-tpu-v4-mlperf-2-0-results

Figure 11b on page 16 shows that for Intel MPUs released between 2010
and 2014 for the PC (personal computer) market, there is a strong relation-
ship as well, albeit less so than for MIPS. The Passmark CPU Mark bench-
mark is a composite of the time taken to complete a set of common program
types. These include data compression, data encryption, integer and floating
point math, searching for prime numbers, sorting strings, and physical sys-
tem simulation.'” Benchmarks based on complete programs are considered
more reliable than MIPS (Mashey, 1990). A drawback of Passmark—as well
as Geekbench, not in use in the analysis at the time of writing—is that scores
first become available in 2007. SPEC scores—not in use in the analysis at
the time of writing—are available beginning in 1996, but are only available
for MPUs designed for use in servers and high-performance PCs.

Acknowledging the substantial variation in Passmark performance scores
given the number of transistors is essential to fairly characterizing the merits
of our approach. For illustration, table 2 on the following page provides a
list of all processors shown in fig. 11b on page 16 with the same number of
transistors (1.16 billion). PassMark scores range from 3,399 to 8,727, more
than twice as high. The MPUs shown differ with respect to clock speed,
power consumption, number of simultaneous processing threads supported,
integrated graphics, and amount of cache memory, all of which play a role
in processor performance. For the processors in fig. 11b on page 16, 46
percent of the variation in performance is explained by transistor count. As
shown in table 3 on the next page, an additional 32 percent of variation can
be explained when controlling for clock speed and power consumption in a
linear regression.

We examine the relationship between transistors and benchmark scores
for GPUs as well. The PassMark GPU benchmark suite tests rendering
of 2D images, image filtering, rendering of dynamic 3D scenes, and a set
of computationally-intensive parallel processing tasks. The computational
tasks are meant to account for the common use of GPUs in non-graphics
tasks, such as supercomputing. The correlation between log transistor count
and log GPU benchmark score is 0.98.

We have assumed for the moment that memory chip performance is equal
to the number of storage cells used on the chip. Benchmarks are available

differing combinations of instructions to achieve the same end-user task, comparisons using
MIPS can be problematic.
17Tn particular, PassMark uses the Bullet Physics package.
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Table 2: Sources of Performance Score Variation across MPUs with Matching
Transistor Counts

’ Processor ‘ Score ‘ Speed ‘ Power ‘ Intended platform use; other features

15-2450M
15-2500T
15-2405S
15-2400S
15-2500S
15-2300
15-2310
15-2380P
15-2320
15-2500
15-2550K
i7-2600S
17-2600
17-2600K
i7-2700K

3,399
4,680
4,928
4,941
5,209
5,346
5,523
5,679
5,755
6,322
6,700
7,078
8,201
8,457
8,727

2.5
2.3
2.5
2.5
2.7
2.8
2.9
3.1
3.0
3.3
3.4
2.8
3.4
3.4
3.5

35
45
65
65
65
95
95
95
95
95
95
65
95
95
95

Mobile

Desktop; very low power

Desktop; low power

Desktop; low power

Desktop; low power

Desktop

Desktop

Thin mobile; GPU disabled

Desktop

Desktop

Desktop; high-performance, unlocked

Desktop; low power

Desktop

Desktop; high-performance, unlocked, advanced GPU
Desktop; high-performance, unlocked, advanced GPU

Note: Performance score is Passmark CPU Mark. Speed is clockspeed in
GHz. Power is TDP (thermal design power). All processors shown are second
generation i5 or i7 models. i5 and i7 models differ with respect to level 3
cache memory (6MB vs. 8MB), the number of processor threads (4 vs. 8),
and the quality of graphics processing integrated on the chip.

Sources: Passmark, Wikipedia, Intel, Inc.

Table 3: Sources of Performance Score Variation across MPUs with Matching
Transistor Counts

Variable

Transistors (million)

Clock speed (GHz)
Power (TDP in watts)

Coeflicient | Standard Error
3.29 0.29
794.87 268.49
40.27 5.07

Note: All coefficients are significant at the 99 percent level. R-squared for the
regression is 0.78. R-squared for a regression of performance on transistors
alone is 0.46.
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Figure 12: Graphics Processors

Passmark G3D Mark score, log scale

10000
1000

oo
100 H

1e+08 1e+09 1e+10
Transistors, log scale

Note: Nvidia GeForce GPUs released from 1999 to 2022.
Source: Wikipedia; Passmark.

for additional dimensions of memory chip performance which we will explore
as the project progresses.

Reiterating the goal of our project, we endeavor to construct measures
of prices and volumes for all time periods, all chip types, and all countries
using a consistent methodology. Performance benchmarks have the appeal of
directly measuring quality from the perspective of the typical user. However,
they are only available for a small subset of chip types and for limited time
periods. Where the data are available, there is a strong positive relationship
between performance and transistor counts, suggesting using transistors as
an imperfect but reasonably compelling indicator of quality. The crucial
distinction between our approach and approaches using model-level data is
that we have the ability to measure transistor counts for all chip types in all
countries for the full history of the industry.

5 Volume and Price Index Construction

In the construction of our price and volume indexes, the intuition we
exploit is that real output is proportional to performance which in turn is
proportional to transistor counts:

real output o< performance o transistors. (1)
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Thus, our first objective is to estimate the volume of transistor production.
We approach the task at the plant level, calculating transistor volume, 7T,
for each product, p, produced plant ¢ in period t. Volume is the product of
transistors per chip, chips per wafer, and wafers shipped:

transistors chips
7,p,t 2,p,t

chip wafer

The first term, transistors per chip, depends on the size of the chip, tech-
nology employed, and chip layout. We allow chip size to vary over time and
across product types: S;; = fs(pis,t)."" Transistors per unit is inversely
related to the geometry (line width) employed in production, G;;. (Here we
ignore that plants typically produce using multiple geometries at once, a fact
we account for as discussed in section 6 on the next page.) The chip layout
factor, L;+ = fr(pi+,t), accounts for increases in density not accounted for
by geometry, achieved by circuit design improvements—Moore’s cleverness
factor (fig. 5 on page 10)—which vary over time and across products.

transistors
chip

) - S@t . GZE . Li,t- (3)
it

For the second term, chips per wafer, we require a measure of wafer
diameter, D;;, and chip area, which allows us to account for the silicon lost
at the edge of the wafer. We use the approximation of the number of chips
per wafer provided by (De Vries, 2005), which assumes the chips are square:

D? D,
Ai = ™ it . m 2,t ] (4)
’ 481',15 1/ 252‘,15

The third term, wafers shipped per plant, is the product of plant capacity
in wafers, N;;, and plant utilization, U, ;:

wafers;; = N,y - Uy 4. (5)

Suppressing plant, time, and product subscripts, production can be writ-
ten as a simple product of these factors:

T=(S-G?2-L)-(A)-(N-U). (6)

18We explain the data limitations that lead us to ignore the fact that chip size employed
varies across models within product types at a point in time discussed in section 6 on the
following page.
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Production of a given product is simply the sum of output, 7', across all
plants producing that product. Implicit price indexes by product are calcu-
lated at the global level, since there are no consistently available product-
country-level nominal output measures. Or, to put it differently, we assume
there is a single global market where product prices are set:

Rp,t
3
Zielp,t Evt

where R, ; is nominal global production of chip type p in period ¢ and 1I,,; is
the set of plants producing product p in period t¢.

The industry price index for each country is constructed by weighting
global product price indexes for all product, P, using country-level produc-
tion by product, 7}, ., using a chained Fischer formula, where the index level
is the cumulative product of the geometric mean of Laspeyres and Paasche
price indexes constructed in each pair of consecutive periods since the base
period.

(7)

Tp,t =

t
Tet = H F. ., where (8)
T=1

Foi = \/ Laspeyres, ; - Paasche;, and 9)

Tt Lpi_1e
Laspeyres,, = 2per (Tt Tpio1c) , and (10)

' ZpEP(WPﬂf—l “Tpi-1,e)
Tpt - Thte

Paasche,; = Zper Mot Do) (11)

ZpEP (Wput—l ' TP,IZC) .

6 Data Construction

Fundamentally, our measure is an aggregate of output measures for in-
dividual plants which accounts for capacity, technology, product mix, and
utilization. As explained below, we rely on quarterly-frequency, exhaustive
global lists of fabs (semiconductor fabrication plants) which include key tech-
nical details of production. Combining capacity with industry utilization
rates yields a raw production flow in silicon wafers. Refining this production
measure to account for technology, we construct an estimate of transistors
shipped as explained in section 5 on page 20.
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6.1 Plant Characteristics

We rely heavily on data from two sources for the construction of our
database: Gartner, a consultancy focused on information technology, and
SEMI (Semiconductor Equipment and Materials International), a trade as-
sociation focused on semiconductor manufacturing equipment. Gartner pub-
lished comprehensive global lists of semiconductor fabs as part of their Semi-
conductor Equipment and Materials Service beginning in 1985 (Gartner,
2007). We located and digitized 22 of these lists published from 1996 to
2007. We constructed a quarterly-frequency panel of fabs for this period,
filling in gaps with values from the most recent previous observation. SEMI
currently publishes a comprehensive, quarterly-frequency database of fabs
with history beginning in 2008, the Wafer Fab Forecast (SEMI, 2022). We
merged three vintages of this report to build a panel for 2008-2022. Com-
bining the two sources, we have a comprehensive record of global capacity,
by plant, from 1996 to 2022.""

Each data source provides plant-level information on location, company
ownership, technology employed, capacity, and product mix.”’ In particular,
the data provide plant capacity (measured in the number of silicon wafers
that can be processed in a month), diameter of the wafers processed, and a
measure of the greatest level of circuit miniaturization achieved at the plant.

In addition, data is provided on the product mix of the plant, which
we use to classify plants as producers of analog chips, DRAM chips, Flash
or other memory chips, discrete chips and optoelectronics, microprocessors,
and other logic chips. Foundries, which fabricate designs under contract, are
identified in the data and are assumed to produce chips from the other logic
category. For plants with products listed that fall into more than one of these
six product classes, capacity is allocated equally between the categories in
most cases. In cases of plants with MPU production and production of other
product classes as well, 90 percent of capacity is assigned to MPU production
and the remaining 10 percent is divided equally among the relevant other
classes, in keeping with our understanding of the strategy used by MPU

19Tn the work presented in the current draft, we have linked the SEMI and Gartner
databases at the economy-product-technology level. Plant-level matching is underway for
future work.

20In addition, both datasets contain information on when the plant was established.
This information will provide the foundation for future efforts to expand the dataset to
earlier years. The earliest date for plant establishment in the data is 1953.

23



companies.

We exclude from our scope plants producing MEMS (microelectrome-
chanical systems) or epitaxial wafers (primarily used for solar cells), and
“back end” plants (used for testing completed wafers); these plants use rather
different production processes than plants producing microchips do. We also
exclude plants recorded as planned or under development and plants recorded
as closed or inactive. Finally, we set aside industry, academic, and govern-
ment research plants for separate analysis. For the current stage of the
project we focus our detailed analysis on DRAM, flash and other memory,
MPUs, and other logic.

After this cleaning process, we have between 200 and 350 plant-level
observations for each quarter in the dataset (table 4). Using 8-inch (200
mm) equivalent wafers—a coarse measure of capacity—capacity shifted fairly
steadily toward China, South Korea, and Taiwan over the period of study—
each of which accounted for roughly one-quarter of the industry in 2022—and
shifted away from Japan and the United States.”’ Importantly, wafer capac-
ity does not account for differences in technology employed. From 1996 to
2022, the mix of technologies in use varied widely across the countries studied.
In 2022, Taiwan and South Korea had capacity at the most advanced geom-
etry in use, 3 nanometers. The U.S. industry was just behind the frontier
and the most advanced plants in China and Japan were several technology
generations behind. In contrast, in 1996, the U.S., Japan, and Taiwan indus-
tries were at the leading edge. As shown in fig. 13 on page 26 each economy
produces chips using a diverse set of technologies. Plants using technologies
many generations behind the frontier continue to operate.

6.2 Utilization

Importantly, the reports from SEMI and Gartner do not provide informa-
tion on realized production. To construct a measure of production, we multi-
ply capacity by an estimate of the operating rate for the industry. We rely on
the operating rate reported by the U.S. Census Bureau’s Quarterly Survey of
Plant Capacity (SPC) for the industry in the United States. While we would
prefer a measure global in scope, no such measure is consistently available.

2IThe 8-inch equivalent wafer measure divides the surface area of wafers with other
diameters by the surface area of an 8-inch equivalent wafer. The most common diameters
in use during the study period were 150 mm, 200 mm, and 300 mm. In calculations of
unused edge silicon, the true wafer diameter is used.
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Table 4: Database Descriptive Statistics

| | 1996 | 2006 | 2016 | 2022 |

Fab Count 321 | 286 | 209 | 273
Capacity Share (percent), by Economy
China 1.4 8.4 | 14.3 | 26.3
Japan 44.9 | 23.7 | 19.8 | 13.1
S. Korea 10.8 20 25.2 | 254
Taiwan 12.1 | 25.2 | 285 | 26.1
United States 30.8 | 22.7 | 12.1 | 9.1
Capacity Share (percent), by Product
DRAM 343 | 174 | 234 | 31.3
Oth. Memory 18.7 | 349 | 24.8 | 13.9
MPU 18.5 | 8.2 3.2 2.8
Oth. Logic 28.5 | 39.5 | 48.6 | 52.1
Minimum Geometry (nm)
China 800 90 22 14
Japan 250 65 22 14
S. Korea 350 | 65 10 3
Taiwan 250 | 65 10 3
United States 250 65 10 5

Note: Fabs producing microprocessors, memory, and other logic. Capacity
share is measured in 8-in equivalent wafers. Minimum demonstrated geome-
try shown; high-volume production may not have been achieved at that node.
Source: Gartner, SEMI, and authors’ calculations.

However, a global industry utilization report from Semiconductor Industry
Statistics (SICAS), now discontinued, covered 1994-2010 (U.S. Census Bu-
reau, 2022). The contour of global utilization shown in SICAS is closely
aligned with the SPC, so we are comfortable using the SPC as an indica-
tor of the global utilization rate (fig. 14a on page 27). Because the SICAs
data show that fabs using the most advanced (largest) wafer size had higher
utilization rates we vary utilization by wafer diameter (fig. 14b on page 27).
We assume plants processing the largest wafers in each quarter operate at
the SPC operating rate. Plants behind the wafer size frontier are assumed to
operate with a 10 percent lower utilization rate, the rough average difference
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Figure 13: Minimum Geometry Distribution
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in the SICAS data.?”

6.3 Chip/Die size

We further refine the measure to deduct an estimate of the unused wafer
area that naturally arises from cutting rectangular chips out of circular
wafers. To do so, we use an estimate of die (chip) size by year for mi-
croprocessors (MPUs) developed in Burg and Ausubel (2021) and make the
coarse assumption, loosely consistent with industry history recorded in the
industry press and on company websites, that memory and logic chip die are
half as large as MPU die and that other chip types are one-tenth the size.
Accounting for wafer diameter by plant as well, we use this formula, found in
De Vries (2005): A = wD?/4S —nD/+/2S, where A is die (chips) per wafer,
D is wafer diameter, and S is the surface area of the die.”’

22When 300mm wafers were introduced by the industry in 2002, they became the largest
wafer size. We assume that from that point forward, the operating rate of 200mm fabs
(previously the largest) declined by 10 percent over a five-year period.

23We are refining this time-series for die size using information from the International
Technology Roadmap for Semiconductors. Analysis was not complete at the time of writ-
ing.
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Figure 14: Semiconductor Industry Utilization Rates
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6.4 Transistor-Density “Cleverness” Factor

The formula in eq. (6) on page 21 for transistors produced implicitly
assumes that transistors have no space between them when placed on chips.
In practice, transistor density is affected by the need for other features on the
chip—to conduct current for example. Chip designers adjusting the layout
to minimize wasted space (with specialized software)—the cleverness Moore
referred to in his analysis (fig. 5 on page 10). We adjust output for each of
the four product classes to account for evolving cleverness.

For MPUs, we benchmark our transistor production measure using the
density of transistors on leading edge MPUs reported by Burg and Ausubel
(2021) through 2013 and extended by us using information on more recent
MPUs available from Intel (Intel, Inc., 2022). In particular, we calculate the
ratio of reported density to theoretical density for these leading edge chips
and apply that ratio to both MPU, DRAM, and other logic production.*!

In recent years, expanding chip circuitry vertically has provided a new
tactic for increasing density (for a given geometry). The Flash memory in-
dustry has concluded that further miniaturization is no longer the optimal
approach to technical advance, and has focused on stacking multiple tran-
sistors on top of one another. We construct a time-varying density factor to

24Work in progress will construct a distinct density adjustment for DRAM, which does
not face the same design challenges as processors.
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account for stacking based the ratio of flash memory measured in bytes to
flash memory measured in chips reported in the World Semiconductor Trade
Statistics published by the Semiconductor Industry Association (SIA).

6.5 Standardizing Minimum Geometry

Each plant in the SEMI and Gartner database reports the minimum ge-
ometry employed at the plant for each quarter. In practice, the technology
used on production lines has small variability around standard geometry
nodes. We standardize the reported geometries by assigning them to the
next largest standard node.”” Next, we ensure that no fab in our dataset has
an anachronistic minimum geometry. If the assigned geometry of any fab in
a given quarter is smaller than the industry cutting-edge technology for that
quarter, we replace it with the industry cutting-edge node for that quarter.”

6.6 Technology Ramp-up Process

Semiconductor plants are typically fabricating wafers using multiple tech-
nologies at any point in time. Because we only observe the most advanced
technology in use, we model the process distribution following Byrne, Kovak
and Michaels (2017) such that at any given time, the two previous geometry
nodes behind the most advanced one in use are also employed in production
at each plant. In particular, we loosely follow information from the Interna-
tional Technology Roadmap for Semiconductors (fig. 15 on the next page).
We assume that when a new technology is introduced at a plant—as indi-
cated by its first appearance in the fab’s listing in the databases used—5
percent of production takes place using that technology in the first quarter.
Over the next five quarters, the new technology’s share of production in-
creases linearly until it reaches 50 percent. Over the same time period, the
second previous (largest) node’s share of production decreases linearly from
50 to 0 percent. Meanwhile, the first previous (second largest) node’s share
of production holds steady at 50 percent until another new technology is
introduced, at which point it becomes the largest node and the cycle begins

25These notes are available on Wikichip and Wikipedia. See https://en.wikichip.
org/wiki/technology_node for nodes before 1971 and https://en.wikipedia.org/
wiki/Semiconductor_device_fabrication#Semiconductor_node for nodes after 1971.

26We speculate that reporters may provide technology information for processes that
are under development, rather than in production.
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Figure 15: Technology Generation Life Cycle
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Source: International Technology Roadmap for Semiconductors, 1997.

again. In effect, we impute a distribution of production across geometries for
each plant in the dataset at each point in time.

6.7 Final Dataset

After applying the calcuation in eq. (6) on page 21 and the adjustments
described for cleverness and for technology ramp-up, we arrive at a transistor-
based indicator of production for each product produced in each plant in each
quarter. We aggregate from the plant level to create country-level and global
production by product. Product prices are calculated by dividing global
nominal production (from the World Semiconductor Trade statistics) by our
global production indicator for each product. These global price indexes are
aggregated using economy-level production weights to arrive a semiconductor
industry price index for each economy. Our final dataset will consist of output
for analog, optoelectronic and discrete, MPU, DRAM, other memory, and
other logic chips produced in each economy with a semiconductor industry
from 1953 to 2022. For the present analysis, we have restricted the dataset
to focus on MPU, memory, and other logic production in the United States,
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Japan, Korea, Taiwan, and China for the 1996-2022 period. By applying
the same data cleaning methods and calculations across time, economies,
and product types, our approach allows us to examine output and prices
consistently on those dimensions.

7 Results

7.1 Output: Transistors

Our production measure, while broadly consistent with capacity mea-
sures, adds color to the capacity and geometry statistics above. Similar to
the capacity shares in table 4 on page 25, our production measure shows
China, South Korea, and Taiwan gaining ground while the U.S. and Japan’s
shares of production decrease (table 5 on the following page).

Importantly, however, our transistor-based output measure accounts for
technology and product mix as well as capacity. For example, while over
one-quarter of the five major economies’ wafer capacity is located in China
in 2022, its production makes up only an eighth of production as measured
by our transistor indicator. This discrepancy can be explained by China’s
concentration at the high end of the minimum geometry scale (fig. 13 on
page 26), which limits the number of transistors that can fit on a wafer, and
the fact that 62% of China’s capacity is devoted to other logic at the end of
2022, which tends to use larger chips, fewer of which can fit on a wafer. In
addition, Taiwan’s production share is far more consistent than its capacity
share, and South Korea’s rise in production is more drastic than its rise in
capacity. Adding transistor counts to the analysis combines our knowledge
of capacity and technology for a more robust picture of output.

Splitting output by product type has a similar effect. While DRAM’s
share of capacity holds roughly constant between 1996 and 2022, its share of
production drops dramatically. MPU’s decline in production, meanwhile, is
not as dramatic as its drop in capacity. The rise in the production of other
memory and other logic relative to DRAM and MPU underlines the need for
further study of other memory and other logic chips, which together have
grown from 27.3 to 86 percent of output over the last 26 years.
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Table 5: Output Shares by Economy and Product Type

| | 1996 | 2006 | 2016 | 2022 |

By Economy
China 0.1 6.2 | 6.4 | 12.0
Japan 386 | 19.5 | 21.2 | 134
S. Korea 11.0 | 24.2 | 37.8 | 36.9
Taiwan 20.2 | 27.4 | 15.5 | 28.2
United States | 30.0 | 22.7 | 19.1 | 9.4
By Product
DRAM 57.0 | 14.1 | 24.2 | 8.7
Oth. Memory | 12.9 | 49.9 | 44.4 | 47.6
MPU 1571 86 | 7.7 | 5.3
Oth. Logic 14.4 | 274 | 23.8 | 38.4

Note: Excludes fabs not producing MPUs, memory, or other logic.
Source: Gartner, SEMI, and authors’ calculations.

7.2 Prices: Microprocessors

The price index for MPUs constructed using our approach tells a rather
different story for the industry than existing indexes (fig. 16 on the follow-
ing page). The qualitative features of the contour of price declines match
between our index and the others, but the magnitude of the variation is
markedly different. As in existing indexes, our index indicates that price de-
clines accelerated substantially in the 1990s, the acceleration reversed in the
late 2000s, and price declines moved toward zero very recently. The timing
of these moves is somewhat different, with our index accelerating very late
in the 1990s relative to the others.

The stark contrast between the acceleration in our index and the four
other seemingly independent indexes is surprising. However, there is in fact
little independence among these indexes. Though the methods employed
by the BLS PPI, Aizcorbe, Corrado and Doms (2003), Flamm (2017), and
Byrne et al. (2018) differ, the price information employed in all four cases
is the same: model level list prices, not transaction prices, for Intel MPUs.
As discussed in Byrne et al. (2018) at length, the price trajectories for Intel
MPU models during the period of 60 to 100 percent annual price declines in
these indexes are extraordinary and the plausibility of the indexes using these
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Figure 16: Alternative Price Indexes for MPUs
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prices depends critically on the interpretation of these model price declines
(fig. 17a).

Figure 17: Intel MPU Model Price Trajectories
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Note: Intel list prices for 1,000 unit trays of personal computer MPUs.
Source: Byrne et al. (2018).

The most straightforward interpretation is that these model level prices
reflect the falling costs of producing a chip of a given quality as miniatur-
ization advances, circuit design improves, and yields (the share of chips pro-
duced that perform as intended). An alternative explanation hinges on mar-
ket power and price discrimination. In a time when the downstream market
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for computers employing the very fastest MPU was intense, a plausible ex-
planation for these price trajectories is that Intel—with noteworthy market
power—was able to price discriminate and charge early adopters a substan-
tial premium when new chips were introduced, followed by a much lower
price for trailing-edge consumers within a short period of time. If that is the
case, linking prices paid by two very different consumer types together as is
done in all four cases (using distinct methods) may create inflated price in-
dex declines (Williams and Sager (2019); Aizcorbe, Bridgman and Nalewaik
(2010)).

As with the other indexes, the contour of our MPU price index includes
a substantial slowdown around 2005. Again, two factors are in play in this
development. On the supply side, engineering developments retarded the
industry’s delivery of faster and cheaper chips at that time. In particular,
the industry shifted from successive rounds of miniaturization of the same
processor architectures (primarily Intel’s x86 architecture) toward design in-
novation, including a focus on parallel processing using multiple computing
cores on the same chip. This shift was spurred in part by the realization
that further miniaturization could not be translated into a higher clock rate
because the consequent increase in heat generation could not be adequately
offset by the cooling system in the computer. On the demand side, the pre-
mium paid by early adopters appears to have disappeared as Intel model
price trajectories changed from steep to shallow (fig. 17b on the preceding
page).

From the time of the slowdown forward, recent work by Byrne et al. (2018)
and Sawyer and So (2018) (as reflected in the BLS PPI) tells rather different
stories about MPU prices. The former shows sustained rapid declines of
roughly 32 percent, albeit at a slower pace than during the tech boom, and the
latter shows a pronounced slowdown to single digit price declines, averaging
18 percent over the same period. In the context of concerns about a slowdown
in innovation in the semiconductor industry—myriad stories about the end
of Moore’s Law, and so forth—and stubbornly low aggregate productivity
growth, the lack of consensus is unfortunate. In effect, our results contradict
both stories; average annual price declines from 2005 to 2014, beyond which
the BLS PPI is no longer disclosed, are 19 percent in our index, roughly
the same as in the PPI on average and far smaller than Byrne-Oliner-Sichel.
However, the contour of price declines is quite different: Our index enters the
period falling substantially slower than the other two and shows no slowdown
during the period.
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Figure 18: MPU Price Indexes using “Effective” and Actual Nodes
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Note: Effective geometry refers to node labeling employed by the industry. Actual geometry is the
average of metal half-pitch and contacted gate half-pitch reported in the International Technology
Roadmap for Semiconductors.
Source: Authors' calculations.

Beyond the end of existing price indexes, we find that price declines re-
main in the neighborhood of 20 percent until 2017 before slowing markedly
to single digit declines on average. Data construction is crucial for this point.
The slowdown would not be apparent if we were to treat the “effective node”
labels used by the industry as measures of the actual geometry used in semi-
conductor fabrication (fig. 18. Instead, as discussed above, we use the actual
dimensions of the transistors as shown in fig. 9 on page 14.

7.2.1 Prices: Memory

Our memory price index aligns remarkably well with existing indexes
throughout its history with the exception of the BLS PPI, which is an outlier
for much of its history (section 7.2.1 on the next page). In contrast to the
MPU index results, we find that our index matches the extraordinarily fast
price declines found in existing indexes in the late 1990s. The slowdown in
memory price declines that occurs in existing indexes from 2010 forward is
also found in our index. The only noteworthy tension is found from roughly
2018 forward, when our index roughly moves sideways while the other indexes
fall 10-20 percent per year.
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Figure 19: Alternative Price Indexes for Memory Chips
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Note: Indexes differ with respect to price data source, methodology, and scope (see text).
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7.2.2 Prices: Other Logic

Our prices index for other logic—GPUs, TPUs, ASICs, etc.—is the only
research index available for this semiconductor type, to our knowledge.”” It
falls 20-40 percent per year on average in the period of our study. From 2005
forward the index for other logic consistently falls significantly faster than
MPU prices (fig. 20 on the following page). In light of the rising importance
of this type of chip, which is used in place of MPUs in some high-performance
computing applications and is found embedded in a wide array of products,
this index sheds important light on the present pace of technical change in
electronics and what may be expected in the near future.

8 Conclusion

Consistency in measures of output and prices is crucial for the study of
economic questions that unfold in an integrated fashion across the global
economy, that play out over long time periods, or that involve substantial
product heterogeneity. For the broad electronics sector and for semiconductor
production in particular, such questions include the contribution of IT to

27Coyle et al. have one under development.
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Figure 20: Price Indexes for Other Logic and for MPUs

20

-20

-40

-60

-80

Annual

Percent change, 3-year average

2022

—— Other Logic
—- MPU —

1995

2000

2005

2010

2015

2020

2025

20

-20

-40

-60

-80

Note: Other logic includes hardware accelerators (e.g. GPUs), ASICs (application specific
integrated circuits), and miscellaneous other non-memory, non-MPU logic chips.
Source: Authors' calculations. (See text for details.)

productivity growth, the role of supply chains in shock propagation, how the
differing roles of economies in the global value chain have evolved over time,
and the diffusion of innovation. The current I'T measurement landscape is an
incomplete patchwork quilt of measures for particular products, time periods,
and markets that cannot be used to study such questions without unwieldy
layers of caveats about differing methodologies, data sources, and necessary
interpolations for data gaps.

We demonstrate a direct volume measurement approach that meets these
consistency conditions and is feasible with readily available data. We appeal
to the strong relationship between the number of transistors on a chip and its
performance and use transistors as an indicator for real output. We construct
approximate transistor counts using plant capacity adjusted for utilization
and detailed information on the technology employed in each plant. These
measures are constructed separately by chip type and aggregated using a
Fischer ideal index formula to create country industry level output and price
indexes. Ultimately, the data sources will support estimates for all product
types in all relevant economies from the dawn of the industry to the present.
In the present version, we present estimates for MPUs, memory chips, and
other logic for five key economies—China, Japan, South Korea, Taiwan, and
the United States—for the thirty-year period ending in 2022.
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More refined approaches are feasible, but after 50 years of work on the
subject in the measurement field, to continue to approach the problem in a
piecemeal fashion is to let the perfect be the enemy of the good. For products
and time periods where conventional measures are available, our estimates
are broadly consistent in most cases, providing additional corroboration that
our approach is reasonable. For memory chips, our results are little different
from other estimates. However, there are cases where our results tell a rather
different story.

For MPUs, a sudden acceleration in price declines in the mid-1990s and
reversal in the mid-2000s is present in our index, a contour that matches
existing estimates. However, the magnitude of the regime change is much
smaller. In recent years, we find a further slowing in MPU price declines,
but one that arrives much later than in the official PPI; and, we find a lower
average rate of decline than Byrne et al. (2018).

For “other logic,” we find that prices fall much faster than is indicated by
the price index used for industrial production at the Federal Reserve Board.
And, we find evidence that this product class, which includes some of the
most technologically dynamic products in the electronics sector—hardware
accelerators like GPUs and TPUs as well as the custom logic chips (ASICs)
that embody the features of smartphones and many other devices—has sub-
stantially faster falling prices than MPUs, as one might expect for a world
where cutting-edge computing is increasingly relying on these alternatives to
MPUs.
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