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Abstract. We analyze the behavior of inflation in the era of fast pace information thanks to technological advances, especially internet. Owing to readily available information, prices/inflation
should quickly converge under perfect competition. To this end, we explore the possibility of price
convergence in regional inflation in the USA including the permanency of such a phenomenon
if observed, a concern for monetary policy makers. Empirically, we analyze standard deviation
of regional inflation with special attention to technology. We show that standard deviation of
inflation is not constant over time, but not necessarily ever-declining. Technology seems to help
reduce price dispersion across regions.
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Introduction
Convergence in prices (or inflation) across different regions of the same country is a conceptually plausible idea, especially if markets are perfectly competitive, barring any other
impediments against perfect competition. Under these circumstances, there must be a downward pressure on prices so that economic profits decline to zero. One of the conditions of
achieving perfect competition is to make information costless for all market participants. Recent developments in information technology have the potential to make price information
widely available. This is because as technology helps disseminate price information, especially
within the boundaries of the same country, the whole country would be potentially turning
into a single market with little to no barriers to entry for companies, and little cost of price
search for customers. Eventually prices would converge in the entire country.
Furthermore, economists have long argued that advances in technology would increase
productivity (Goodfriend, 2002) by lowering the need for more labor, energy and other ma*Corresponding author. E-mail: igenc@aus.edu
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terials, another step toward perfect competition. Better technology may also connote production process improvements and efficiency, again likely leading to lower prices by encouraging
competition. Mincer and Danninger (2000) argue that even with full employment, technology would contribute to the growth of capacity, thus inhibiting wage induced inflation. Assuming that it happens on a broader scale in the country, we expect convergence to the same
(and arguably lower) level of inflation.
While the impact of technology on productivity has been discussed widely in the literature, the role of the internet has received little attention. (For the debate in the literature
about the status of “productivity,” and its impact on the economy or even its measurability,
see, inter alia, Gordon (2014) and Brynjolfsson and McAfee (2012) about opposing views
on the issue). Evidently, the internet has allowed many companies to gain access to many
markets, which had been beyond their reach due to physical boundaries. For example, Amazon, an internet based company, has captured about half of the e-commerce in the United
States as well as five percent of retail sales by the end of 2018 (eMarketer Editors, 2018)
with profound impact on prices in the country. In this process, Amazon has come to embody a grand vehicle of price information transmission. If Amazon in the last 10 years put
downward pressure on prices, much the same way as Walmart did in 1980s–1990s, then we
would expect all prices to converge to some common value (the so-called Amazon effect).
That is a decline in the variation in prices. Normally such a decline in prices is associated
with lower prices everywhere as competitors will try to keep up with competing prices offered by Amazon, which are presumably lower. Amazon affects both consumer behavior and
traditional business models alongside e-commerce. Briefly speaking the so-called Walmart
effect refers to the impact of Walmart on local businesses and consumers. While Walmart is
considered to drive local stores out of business, it is also found to reduce inflation by forcing
prices down in places it operates. Given the large presence of Walmart across the US, it is
deemed to have a significant effect on inflation (among its other economic effects) (Fishman,
2007). According to Microdinc (n.d.), a web-technology provider, “92 percent of shoppers
prefer stores with mobile platforms.” Lampertius (2019) provides a discussion on similar
lines. Eventually, this effect results in the disappearance (or decline) of price dispersions
across places/time. Price dispersion is the variation in the price of a particular commodity
(good or service) at different locations (firms). Price dispersion may arise because of search
costs (see, inter alia, Zhao, 2006), information costs (see, inter alia, Dubois & Perrone, 2018),
mark-ups, geographical trading frictions (see, inter alia, Gopinath et al., 2011; Choi et al.,
2019), and firms’ intentional efforts to attract consumers with certain preferences (see, inter
alia, Varian, 1980) as well as many other features of non-perfectly competitive markets. In a
general sense, this is the violation of the law of one price, or purchasing power parity if all
goods and services are included.
In studies similar to ours (see, inter alia, Berardi et al., 2017), price dispersion is measured
by the standard deviation (or variation) of prices, and the coefficient of variation of prices.
The range of prices, which is the difference between the highest and lowest prices, lends itself
more readily to item level price data. Standard deviation shows the amount of variation (dispersion) in data, which is, in our case, regional prices (inflation). We use inflation rather than
prices, as shown below, due to the time series properties of these variables. The advantage of
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standard deviation and similar measurements, such as the coefficient of variation from the
same population, lies in the fact that they do not suffer from the unit of measurement differences (Castro, 2004). In other words, they largely yield the same results when compared to
each other. For example, the coefficient of variation, which expresses the standard deviation
as a percentage of the sample or population mean, is simply adjusted for the mean of data,
but otherwise, remains as another expression of the standard deviation. A small standard
deviation points to a small spread (dispersion) around the mean. An ever-declining standard
deviation indicates convergence. Pan et al. (2004) and Baye et al. (2006) provide a long list
of articles which use these methods to measure price dispersion across a variety of markets in a number of countries. On a related note, in the economic growth literature, sigmaconvergence employs standard deviation as a workhorse to test the validity (efficacy) of the
convergence theory. There, a decline in the standard deviation of regional income and  /or
prices would point to convergence (law of one price), which is the timewise elimination of
significant differences (dispersion) in income and/or prices on integrated markets.
In this study, we measure price dispersion as the standard deviation of regional inflation in the US after accounting for the impact of technology, in particular, the internet. The
internet is the platform on which e-commerce thrives. Conceptually speaking, consumers
should have all the information they need to search for “best” prices, and firms should “adjust” the prices if necessary across stores online with little cost. Practically speaking, one
might rightfully argue that e-commerce is still a modest fraction of the US retail market. That
would naturally have an insignificant impact on price indices such as CPI. However, we note
that the Office for National Statistics’ (ONS) will consider e-commerce to calculate inflation
(Isaac, 2018). Even then, the widely available prices online together with fast delivery services
would force brick and mortar stores to follow the suit, thus reducing price dispersion across
large swaths of territory with otherwise physically segregated markets. We would expect that
decline in price dispersion to continue as the share of e-commerce increases in the future
(Ciccarelli & Osbat, 2017; Charbonneau et al., 2017; Hatzius et al., 2017).
On the other hand, even if we find the so-called Amazon effect on prices, the question is
about its permanency; that is, will this impact disappear over time, as the Amazon effect dies
out just the same way as the aforementioned Walmart effect has stabilized? Putting it differently, should there be a concern for the monetary policy maker with respect to the Amazon
effect? Both the practitioners and academics already warn that policy makers should not
ignore the role of technology companies such as Amazon, Google, and Uber in forcing prices
down (El-Arian, 2019). Likewise, the Amazon effect has its impact on the fiscal and legal
policies (Russell et al., 2018). If we find that there is no particular impact on prices across
time, then we can conclude that even if there is an Amazon effect, it is just temporary, and
will disappear much the same way as the so-called Walmart effect did. On the other hand,
a permanent impact would potentially lead to differentials in real interest rates in different
parts of the country. That may have welfare effects over time across regions (Ogawa & Kumamoto, 2008).
Basically, the Amazon effect is the “information pervasiveness” of prices in the market
thanks to technology. In other words, it seeks to answer the question about whether the price
information can be quickly broadcast across consumers (buyers) and producers (sellers) to
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allow them to react to it. In the case of the so-called Amazon effect, this would be a reduction
in prices. In a perfectly competitive market, theoretically speaking, everybody knows everything all the time, thus, prices are adjusted so quickly that no one can impose monopolistic
profit generating prices in the market. This leads to a reduction in price dispersion. Sellers
may have to keep adjusting prices as many times as needed by the competitors’ prices. Yet,
producers may not be at so much liberty to frequently change prices because they do not
want to be violating a “covenant” with consumers about offering their products at perfectly
competitive prices (Blinder, 1994). This very fact may counterintuitively prevent producers
from adjusting their prices, say downward, even if the market may suggest it. This may prevent a reduction in price dispersion.
In this study, we investigate if, in fact, there is a price converge across a number of US
regions over time in the form of a reduction in the standard deviation of regional inflation.
Moreover, if we find such a decline, we would like to check whether it is permanent or
transitory, i.e., if it exists in some period but disappears in another. We also try to explain
the behavior of price dispersion by some explanatory variables, in particular technology. In
conducting our analysis, we carry out some robustness checks to make sure that the usage of
the standard deviation, as opposed to some other measures of dispersion, does not artificially
produce the results obtained in this study. Likewise, we wish to make sure the use of regional
inflation rather than the US inflation does not artificially lead to the results we obtain. Additionally, as we perform both univariate and multivariate analyses, we compare findings to
assess robustness from another perspective.
The paper is structured as follows: In the next section, we discuss the relevant literature. This is followed by the data and the variables. The econometric analyses including the
pre- and post-estimation tests are presented in the Analysis section. Then, the findings are
discussed in conjunction with the literature. The last section concludes the paper.

1. Literature review
There is a large and still growing literature on the impact of technology and related issues
on prices/inflation across geographical locations over time. However, it is hard to state that
there is a consensus on the likely impact.
Justification for convergence:
Federal Reserve Bank of St. Louis (2018) observes that inflation has recently been in decline
due to a number of reasons such as the eliminated need for certain products thanks to
modern alternatives serving more uses. For example, smart phones have rather eradicated
the need for cameras leading to ever decreasing prices of the latter. On the other hand, new
modes of economic activity such as the “sharing economy” have brought previously underused resources into the economy, thus leading to higher productivity. Recently emerging
demographic dynamics has also led to similar outcomes where older people with more reliable work ethics take jobs for lower wages (lower costs to companies). All of these point to
lower prices, and eventually lower inflation, and more so online than offline (Goolsbee &
Klenow, 2018).
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Arguably, online price convergence is more likely than offline as online markets have a
special feature their offline counterparts largely lack (Gorodnichenko et al., 2018a; Cavallo,
2018). For example, online buyers have low search costs across a large number of sellers in a
relatively short period of time to compare prices. In some cases, one may consider computer
aided search tools, further reducing the cost of price comparisons. The same is true for online
sellers that would monitor competitors’ prices, and adjust to them. It is also relatively cheap
for sellers to adjust prices due to low menu costs online. Obviously, if one consumer and/or
seller does that, all others would follow the suit, leading to similar (if not identical) prices.
However, Cavallo (2017) finds that, at least in the United States, differences in online prices
from the offline ones are not necessarily led by Amazon prices.
Additionally, Yi and Choi (2005) hypothesize that the Internet improves productivity
and thus reduces inflation. They find that if the number of internet users in the population
increases, inflation tends to drop somewhat.
Justification for lack of convergence:
Some of the above-mentioned features of online companies’ ability to frequently synchronize
prices have been disputed. As indicated above, this may be because such a behavior might be
considered breaking an implicit contract with customers (Blinder, 1994; Rotemberg, 2011).
Hence, Ellison and Ellison (2009) and Gorodnichenko et al. (2018b) fail to find the counterpart of the so-called law of one price online. An impediment to prevent an overall price
convergence including online and offline prices is the existence of non-tradables, in this
case the so-called online non-tradable commodities. At least given the current technology,
we will continue to have barbers around the corner in the city even if some close or distant
substitutes may emerge online.

2. Data
We collect monthly data from the FRED database of St. Louis Federal Reserve on a number
of variables. The first variable is the monthly regional prices in the form of “Consumer Price
Index for All Urban Consumers: All items” in New York-Newark-Jersey City, NY-NJ-PA,
Philadelphia-Camden-Wilmington, PA-NJ-DE-MD, Boston-Cambridge-Newton, MA-NH,
Chicago-Naperville-Elgin, IL-IN-WI, Detroit-Warren-Dearborn, MI, Houston-The Woodlands-Sugar Land, TX, and San Francisco-Oakland-Hayward, CA, with an index value of 100
in the 1982–1984. The data are not seasonally adjusted. Data period is 1950m1–2018m12.
We also gather data on several technology indicators with varying data coverage periods.
We choose the San Francisco Tech Pulse, Index Jan 2000 = 100, Monthly, Seasonally Adjusted, which has the largest data span among the options we review. It runs from 1971m4
to 2018m10 on a monthly basis. The index is defined by the data source as “(t)he Tech Pulse
Index is a coincidence index of activity in the U.S. information technology sector. The index
is interpreted as the health of the tech sector. The indicators used to compute the index
include investment in IT goods, consumption of personal computers and software, employment in the IT sector, industrial production of the technology sector, and shipments by the
technology sector” (Federal Reserve Bank of San Francisco, 2019). This technology indicator
is denoted by TECH6.
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For the sake of robustness, we also experiment with other definitions of technology. Other
technology indicators are:
– San Francisco Tech Pulse, Percent Change from Year Ago, Monthly, Seasonally Adjusted;
– San Francisco Tech Pulse, Percent Change, Monthly, Seasonally Adjusted;
– San Francisco Tech Pulse, Percent Change at Annual Rate, Monthly, Seasonally Adjusted;
– Consumer Price Index for All Urban Consumers: Information technology, hardware
and services, Index Dec 1988 = 100, Monthly, Not Seasonally Adjusted;
– Consumer Price Index for All Urban Consumers: Information technology, hardware
and services, Index Dec 1988 = 100, Monthly, Seasonally Adjusted;
Additionally, we employ the M2 Money Stock, Billions of Dollars, Monthly, Seasonally
Adjusted (M2SL). Its coverage period is 1959m1–2018m12.
We also have some variables in the quarterly frequency. One of them is the Real Gross
Domestic Product, Billions of Chained 2012 Dollars, Quarterly, Seasonally Adjusted Annual
Rate (GDPC1) as an indicator of the overall economic activity for the period of 1950q1–
2018q4. Similarly, we collect quarterly data on the US CPI (CPIAUCSL), which are seasonally
adjusted, with the coverage period of 1950q1–2018q4.
We then convert monthly data to quarterly frequency, from which we compute regional
inflation for every period as the first difference of the natural logarithm of price data. Finally,
we calculate average regional inflation per quarter, and the standard deviation of regional
inflation (STDEV) per quarter. We employ the standard deviation as the indicator of regional
inflation dispersion because it measures the variation of regional inflation data with respect
to the average inflation in those regions for the period under consideration. Furthermore,
we seasonally adjust the data as necessary.
In further preparation for the analysis below, we generate growth rates of the technology
indicator and that of the monetary aggregate (M2SL). Both of them are computed as the first
difference of the logged variable. Hence, DLTECH6 and DLM2SL represent technology and
the money, respectively. We also use the income gap, denoted by HPC, which is calculated as
the cycle from the HP filter of Real Gross Domestic Product à la Hodrick and Prescott (1997).

3. Analysis
To eliminate the possibility of data specific results in the rest of the paper, we first compare
the overall US inflation to the average regional inflation. Figure 1 shows the US inflation vs.
the average regional inflation. Likewise, Table 1 provides descriptive statistics for the two
series. We also conduct an ADF test on the ratio of the average regional inflation to the US
inflation, which yields a test statistic of –15.85. In addition, a two-sided mean equality test
of this ratio produces a marginal significance level of 0.45, strongly failing to reject the null
hypothesis of mean equaling one. Hence, we observe a close relationship between the two
series. This inference indicates that the regional inflation data are not an aberration, but more
like a representation of its US counterpart.
Moving forward with the regional inflation, we measure the price dispersion via standard
deviation of the regional inflation per quarter as shown in Figure 2. We observe that high
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Figure 1. US vs average regional inflation
Table 1. Descriptive statistics of US and regional inflation

Mean

US inflation

Average regional inflation

0.008625

0.008689

Maximum

0.039828

0.040349

Minimum

–0.023168

–0.027073

Std. Dev.

0.007685

0.008079

Note: Sample: 1950q2–2018q4.
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Figure 2. Standard deviation of regional inflation

inflation dispersions of the mid-1970s disappeared toward mid-1980s, which may reveal the
Walmart effect. As a robustness check, we also generate the coefficient of variation for our
data. A simple Satterthwaite (1946), Welch (1951) type t test, which allows the possibility of
unequal variances, produces a statistics of –0.060764 with a corresponding p-value of 0.9516,
meaning that we fail to reject the null hypothesis of equal means. Therefore, without loss of
generality, we concentrate on the standard deviation as the measure of price dispersion in
this study for both univariate and multivariate models.
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Models to run:
Initially, we analyze the time series properties of univariate data. We follow this with a multivariate analysis to explain determinants of standard deviation of regional inflation in the US.
As shown in Tables 2 through 4 via CMR (Clemente et al., 1998), ZA (Zivot & Andrews,
1992) and ADF (Dickey & Fuller, 1979) tests, we find that STDEV, DLTECH6, HPC, and
DLM2SL variables are stationary. Therefore, we are allowed to employ the so-called BaiPerron method due to Bai and Perron (1998, 2003a, and 2003b) to analyze our data.
Table 2. CMR tests
Additive Outlier (AO)
Variable
STDEV

Period

AR
Model

Innovational Outlier (IO)

Optimal
Breakpoints

Min t

AR
Model

Optimal
Breakpoints

Min t

1950q1–2018q4

4

–5.002 1978q2, 1982q2

0

–15.991 1977q3, 1982q3

DLTECH6 1971q2–2018q4

1

–7.682 1983q4, 2000q4

1

–7.858

2000q3, 2002q3

HPC

1950q1–2018q4

1

–6.357 2006q2, 2007q4

2

–7.662

2005q1, 2008q1

DLM2SL

1959q1–2018q4

0

–8.662 1987q4, 1995q4

4

–6.006

1969q4, 1982q4

Note: Min t is the minimum t-statistics calculated. The 5% CV is –5.490. Maxlag is 4. The 5% of data
are trimmed on both ends. H0: the series has a unit root with structural break(s) vs H1: the series is
stationary with break(s).
Table 3. ZA tests
Variable

Period

STDEV

1950q1–2018q4

DLTECH6

1971q2–2018q4

HPC

1950q1–2018q4

DLM2SL

1959q1–2018q4

Break in

Opt lags

Min t

Breakpoints

5% CV

T
C, T
T
C, T
T
C, T
T
C, T

3
3
1
1
2
2
0
0

–5.344
–6.109
–6.644
–7.23
–6.421
–7.091
–7.574
–8.511

1981q1
1978q1
2008q4
2000q3
2012q4
2008q4
1962q2
1987q1

–4.42
–5.08
–4.42
–5.08
–4.42
–5.08
–4.42
–5.08

Note: Opt lags are chosen via BIC. T stands for trend, whereas C stands for the intercept.
Table 4. ADF tests
Variable

Period

STDEV

1950q1–2018q4

DLTECH6

1971q2–2018q4

HPC

1950q1–2018q4

DLM2SL

1959q1–2018q4

Break in
C
C, T
C
C, T
C
C, T
C
C, T

Opt lags

Min t

5% CV

–11.377
–11.384
–4.373
–4.922
–4.275
–4.268
–7.025
–7.346

–2.879
–3.429
–2.884
–3.438
–2.879
–3.429
–2.881
–3.432

Note: Opt lags are chosen via BIC. T stands for trend, whereas C stands for the intercept.
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Univariate analysis of STDEV:
The univariate analysis of STDEV via the Bai-Perron method is shown in Table 5. Figure 3
shows the estimated break periods as well as the residual from the univariate analysis of
STDEV. The estimated dependent variable seems to track the actual values of the dependent
variable. The residuals also appear to be largely within the two-standard deviation upper
and lower bounds. Additionally, the Breusch-Godfrey Serial Correlation LM Test whose null
hypothesis is that there is no serial correlation at up to 12 lags yields a p-value of 0.0934 for
the Observations*R2 statistics pointing to failing to reject the null hypothesis. Combined with
the graph of residuals we infer that the estimation is reasonable.
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Figure 3. Univariate estimate of STDEV via BP method. Y_EQ1_HAT stands for the estimated values
of STDEV whereas RESID_EQ1_HAT shows the residuals from the equation. Shaded areas in the top
panel are the recession dates. These are NBER based recession indicators for the United States from the
period following the peak through the trough, +1 or 0, quarterly, not seasonally adjusted (USRECQ)
(source: Federal Reserve Bank of St. Louis, 2019)
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Table 5. Univariate estimation of STDEV via Bai-Perron
Sub-periods
1950Q2–1961Q4 -- 47 obs
1962Q1–1972Q4 -- 44 obs
1973Q1–1983Q1 -- 41 obs
1983Q2–1997Q3 -- 58 obs
1997Q4–2007Q4 -- 41 obs
2008Q1–2018Q4 -- 44 obs
Adj R2
F-statistic (Prob(F-statistic))

Coefficient

t-statistic

0.00427
0.00333
0.00717
0.00473
0.00537
0.00398

14.94
11.30
23.46
18.40
17.56
13.49
0.256365
19.89 (0.00)

Note: Sample (adjusted): 1950Q2 2018Q4. Break type: Bai-Perron tests of 1 to M globally determined
breaks. Selection: Highest significant, Trimming 0.15, Sig. level 0.05.

The estimated breaks in the dependent variable, i.e., STDEV, are 1962q1, 1973q1, 1983q2,
1997q4, and 2008q1. The change from high inflationary periods of mid-1970s toward mid-1980s
are clearly marked in the estimation output as also attested via the break dates immediately
before and after that experience, namely 1973q1 and 1983q2. We earlier referred to this
phenomenon as the Walmart effect. In general, we observe that higher STDEV estimations
are associated with more frequent recession experiences. This is expected as the economy
swings between boom/bust episodes, prices in the economy experience fluctuations leading
to higher inflation standard deviation. Finally, it is revealed that one of the lowest estimated
STDEV values is in the 2008–2018 period. However, that may be due to the economic crisis
experienced in that period.
Multivariate analysis of STDEV:
We now turn to a multivariate analysis of STDEV. We borrow some variables from the socalled quantity theory of money. The quantity theory of money is MV = Py where M stands
for a monetary aggregate, V for the velocity of money, P for the price level, and y for the
real income. Based on this relationship, inflation, p, can be expressed as p = m + v – y where
lower case variables represent growth rates of the aforementioned variables. That means we
use indicators of economic activity (income gap) and money growth rate in addition to the
indicator of technology. Thus, our model is
STDEV = a + b DLTECH 6 + g HPC + j DM 2SL + ò,
where the notation follows the discussion above. In other words, the dependent variable,
STDEV, is the standard deviation of regional inflation. DLTECH stands for the growth rate
of the San Francisco Tech Pulse. We also use the income gap, HPC, as well as the growth
rate of the broad monetary aggregate, DLM2SL. With the help of this equation, we hope to
measure the relative impact of technology on the dispersion of regional inflation versus other
economic variables such as GDP and M2. We continue using the Bai-Perron framework as
mentioned above. The results are in Table 6.
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Figure 4 shows the estimated break periods as well as the residual from the multivariate
analysis of STDEV. The estimated dependent variable seems to track the actual values of the
dependent variable. The residuals also appear to be largely within the two-standard deviation upper and lower bounds. Additionally, the Breusch-Godfrey Serial Correlation LM Test
whose null hypothesis is that there is no serial correlation at up to four lags yields a p-value
of 0.1644 for the Observations*R2 statistics pointing to failing to reject the null hypothesis.
Combined with the graph of residuals we infer that the estimation is reasonable.
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Figure 4. Multivariate estimate of STDEV via BP method. Y_EQ2_HAT stands for the estimated values
of STDEV whereas RESID_EQ2_HAT shows the residuals from the equation. Shaded areas in the top
panel are the recession dates. These are NBER based recession indicators for the United States from the
period following the peak through the trough, +1 or 0, quarterly, not seasonally adjusted (USRECQ)
(source: Federal Reserve Bank of St. Louis, 2019)
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Table 6. Multivariate estimation of STDEV
Variables
Sub-period

Intercept
Coef

t stat

DLTECH6
Coef

t stat

HPC
Coef

DLM2SL
t stat

t stat

1971Q3–1975Q4 -- 18 obs

0.0082 5.0358 –0.012 –0.734 1.03E-06

1976Q1–1978Q1 -- 9 obs

0.0138 3.0577 –0.169 –4.382 –6.06E-05 –2.836

0.148

1978Q2–1980Q3 -- 10 obs

0.0118 2.7413

1.65E-06

0.225

–0.380 –2.925

1980Q4–1982Q4 -- 9 obs

0.0114 3.1149 –0.106 –2.277 2.63E-05

2.773

0.277

0.046

1.028

0.233

Coef

–0.140 –2.445
1.003
1.303

1983Q1–2007Q4 -- 100 obs 0.0052 13.7394 –0.008 –1.859 –1.91E-07 –0.144 –0.005 –0.226
2008Q1–2018Q4 -- 44 obs

0.0041 5.5569 –0.015 –1.516 –5.15E-07 –0.290 –0.008 –0.172

Adjusted R-squared

0.4904

F-statistic

8.9072

Prob(F-statistic)

0.0000

Note: Sample (adjusted): 1971Q3 2018Q4. Break type: Bai-Perron tests of 1 to M globally determined
breaks. Selection: Sequential evaluation, Trimming 0.05, Sig. level 0.05.

Additionally, we employ the CUSUM (Figure 5) and CUSUM of squares (Figure 6) charts
to assess the parameter stability of our estimation. Since the cumulative sum of the recursive
residuals falls inside the five percent critical boundaries, we infer parameter stability in the
estimated equation. Likewise, since the cumulative sum of the squares falls inside the five
percent critical boundaries, we further infer that the residual variance is stable.
Therefore, we conclude that the equation does not suffer from serial correlation, and its
coefficients are stable over the sample. The equation is valid overall.
Going back to the estimation results in Table 6, we make the following particular observations:
– 1971q3–1975q4: Other than the intercept, money growth rate has the highest and
most significant impact on the variability of inflation across regions in the US. Marginal changes in the technology indicator have a negative but insignificant impact on
STDEV.
– 1976q1–1978q1: Other than the intercept, overall macroeconomic conditions, as
represented by HPC, and the technology indicator affect STDEV. Nevertheless, the
technology indicator has the largest impact.
– 1978q2–1980q3: Other than the intercept, the only significant variable is the money
growth rate, which is negative.
– 1980q4–1982q4: Other than money, all other variables significantly affect STDEV.
Technology is once again the biggest (and negative) influencer.
– 1983q1–2007q4: Other than the intercept, the only statistically significant variable at
6.5% is technology.
– 2008Q1–2018Q4: Other than the intercept, no variable has a statistically significant
impact on the standard deviation of regional inflation in this sub-sample period.
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Figure 5. CUSUM of the multivariate estimation
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Figure 6. CUSUM of squares of the multivariate estimation

Observations on the intercept of both models:
It is worth noting that considering only the estimates of the intercept obtained from the
univariate estimation as shown in Table 5 and the multivariate estimation as shown in Table 6,
the simple average of the value of the sub-periods of 1971q3–1975q4, 1976q1–1978q1,
1978q2–1980q3, and 1980q4–1982q4 is 0.011 (from the multivariate estimation). This is very
close to the estimated value of 0.0072 for 1973q1–1983q1 sub-period (from the univariate
estimation). Similarly, 0.005 is the average of 1983q2–1997q3 and 1997q4–2007q4 (from the
univariate estimation). That is almost identical to the value obtained for the sub-period of
1983q1–2007q4 (from the multivariate estimation). What that means is that, for the roughly
corresponding sub-periods, the estimated values of the intercept are very similar whether
they are from the univariate estimation or the multivariate one.
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4. Discussion of results
In this study, we explore the possibility of a price convergence in the form of a reduction in
regional inflation in the United States in the sense of the purchasing power parity, which is
the extended version of the law of one price. If all prices converge to each other, the price
dispersion across regions disappears resulting in the same price everywhere. We make use
of the standard deviation of regional inflation as the measure of dispersion. As a robustness
check, we also experiment with the coefficient of variation for our data to make sure our
results are not an artifact of our definition of dispersion. Related to that, we examine the
permanency of such a phenomenon, if observed. We do so, by analyzing the behavior of the
standard deviation of inflation in a number of regions over time in the USA by employing
univariate as well as multivariate models. A particular attention in the multivariate model
is devoted to the role of technology. The explanatory variables in the multivariate model are
drawn from the quantity theory of money in addition to a technology indicator. Finally, we
compare and contrast the results from both models.
After observing a strong correlation between the standard deviation and the coefficient of
variation we proceed to our models’ findings. In terms of results from our univariate model,
we show that the standard deviation of inflation is not constant over time, but we do not necessarily observe an ever-declining pattern. This may point to a persistent inflation dispersion
among regions. In other words, we fail to find support for the purchasing power parity for
the regions in the USA in our data. This result is consistent with Ellison and Ellison (2009)
and Gorodnichenko et al. (2018b) where they find no online law of one price. Non-tradables
and implicit contracts between customers and firms may play a role in that outcome (Blinder,
1994; Rotemberg, 2011). Such a phenomenon can cause the persistent short-run real interest
rate differentials across regions under the scenario of common monetary policy such as the
US (Ogawa & Kumamoto, 2008). In practical terms, it may result in different real interest
rates in different regions of the same country.
We try to explore factors causing the non-constant standard deviation of inflation over
time with the help of a multivariate model. As indicated above, our multivariate model considers the standard deviation of inflation as a function of the growth of technological innovations, the real GDP gap, and the money growth rate. We find that in the 1971q3–1975q4
sub-period, money growth rate has the biggest impact on the inflation standard deviation in
the sense that it reduced the inflation dispersion. In the same period, technological advances
played the same role, though to a lower extent. Blinder (1982) describes 1970s as the decade
of inflation in the US. Among the explanations of the “Great Inflation” of the 1970s, an excessively expansionary monetary policy was deemed as the root cause of the high inflation
(Nelson, 2004). Although Meltzer (2005) extends the Great Inflation period to 1965 to 1984,
he, too, emphasizes the role of money in causing high inflation in the USA. Even if these
papers do not directly address the price dispersion issue at the time, they all indicate the
significance of the lax monetary policy in causing high inflation. Therefore, it makes sense
that such a policy would play a substantial role in price dispersion across regions in an era
with relatively less technology pervasiveness, at least compared to the modern era. In the
next two sub-periods, namely 1976q1–1978q1 and 1978q2–1982q4, the role of technology
changes. In the 1976q1–1978q1 sub-period, technology was the biggest reducer of inflation

Technological and Economic Development of Economy, 2021, 27(6): 1281–1300

1295

dispersion across regions. However, over the 1978q2–1982q4 sub-period, technology does
not seem to have any significant impact on the standard deviation, which we observe as a
lull in the power of technology in changing the market behavior regarding inflation. We
conjecture that this pattern must be due to the initial adoption of technology, which changed
the market first, but then came to a grinding halt as not many new applications of technology were adopted in the market. This is because although initially technology made a splash,
there was no noteworthy shift in computing technology until mid-1980s (Jorgenson, 2001;
Hilbert & Lopez, 2011). That is why; conventional variables, as suggested by the quantity
theory of money, such as the money growth rate had the prominent influence on the inflation variation variable.
Nevertheless, in the longest sub-period of 1983q1–2018q4, technology has not had only
a statistically significant effect but also the biggest impact on the standard deviation of inflation. Technology helped reduce inflation differences across regions during that sub-period,
more so toward the latter part of this sub-period, that is, 2008q1–2018q4. This must be due to
the pervasiveness of information technology. This is consistent with the advanced computing
technology of 1980s. On a related note, for a view of the issue from a popular perspective,
see Wilson (n.d.) and Alexander (2019). Interestingly enough, the former reference describes
1983 as the birth of the modern era technology. That is why; this is the period when technology plays a noticeable role in the reduction of inflation. On a related note, Lv et al. (2019)
find that technology is even more influential on the US inflation than globalization for the
1999–2016 period. Similarly, Wadhwani (2000) predicted a similar impact of technology on
the UK inflation for years after 2000. As mentioned before, Yi and Choi (2005) find a negative
relationship between inflation and technology pervasiveness in the society where the latter
is proxied with the internet use.
One cannot help but notice that this particular sub-period encompasses the recent economic crisis, i.e. the Great Recession. Another way to look at it is that in recent years, technology is so widespread in our everyday lives that the impact of a marginal change (improvement) in technology does not have too much impact on inflation dispersion. Yet, it is not
surprising that technology would play a much more pronounced impact on inflation and/or
its variation in the future (Ciccarelli & Osbat, 2017; Charbonneau et al., 2017; Hatzius et al.,
2017). In the past, any change in technology would have more influence on the way prices
are set across the regions. On the other hand, since the price dispersion has not completely
disappeared among the US regions, there still must be some impediments precluding markets
from attaining perfect competition (Varian, 1980; Zhao, 2006; Gopinath et al., 2011; Dubois
& Perrone, 2018; Choi et al., 2019).
Overall, it is fair to say that technology has a great potential in reducing price differences
(dispersion) across regions over time. However, this pattern in regional inflation is not uniformly observed over time as other market forces such as the monetary policy may overtake
technology in affecting inflation dispersion. Having said that, it is conceivable to think that
the technology and technology-based companies such as Amazon are likely to exert a much
more pronounced impact on the US market space in the aftermath of the current Covid-19
crisis (Del Rey, 2020). We believe the recent experience of this global pandemic supports
that anticipation. Covid-19 has led to far-reaching changes in the everyday life of consumers
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including shopping habits (Blundell et al., 2020). It is fair to say that the pandemic has caused
a structural break in digital market place (Kim, 2020). By forcing people to shop online, the
pandemic has compelled consumers to “learn” online shopping, which was long considered
an impediment against the digital experience (Peres et al., 2010). Going forward, consumers are highly likely to retain some of the technology based shopping habits that they learn
during the lockdowns, and firms will accommodate (Sheth, 2020). Actually, this has been a
well-recognized phenomenon in the literature (Rangaswami & Gupta, 2000; Wolfinbarger &
Gilly, 2001; Lin & Lekhawipat, 2014). All in all, this points to an ever-expanding digital market exacerbated via the conditions initially imposed by Covid-19. The role of Amazon in the
online shopping has significantly increased in the era of the pandemic compared to before.
The fact that Amazon has kept hiring while many other companies shed labor is another
sign of a healthy growth of the company with a strong hold on the digital marketplace (Del
Rey, 2020). We believe the story of Amazon has all the telltale signs portending to a more
commanding power of the company. In other words, we conjecture, without analyzing in this
paper, that Amazon’s leadership in setting prices in the future will rise.

Conclusions
Behavior of prices, and in particular that of inflation, in the modern era of quickly spreading
information has been a topic of concern for both researchers and policy makers. The advances in computer and information technology coupled with corporations at whose disposal
is the use of such technology should generate “right” conditions for a perfectly competitive market. Argument goes that as price (and by extension, inflation) information spreads
quickly and without cost, the market will converge to a zero economic profit situation. If, in
fact, such a phenomenon has been materialized, that will have consequences for policy makers, too, especially the central bank. In that case, there will be the same price for any good
anywhere (law of one price), or for all goods and services everywhere (purchasing power
parity). Obviously, a temporary convergence in prices would have no perpetual impact on the
economy; therefore, it is of no concern to monetary policy makers. The permanent change,
however, comes with issues for decision makers.
Thus, we investigate such a price convergence in regions of the United States under the
guidance of the purchasing power parity and the quantity theory of money extended with
the inclusion of technology as an explanatory variable. The standard deviation of inflation is
employed as the indication of price dispersion where a mitigating standard deviation is an
indication of convergence.
While we observe some signs of a declining price dispersion across regions of the US, we
do not find a total disappearance thereof, indicating price barriers across regions. This is an
important finding for monetary policy makers since the end result may be different interest
rates in different parts of the country.
With the help of the multivariate model, we find that early 1970s’ inflation was characterized by the heavy influence of money growth. This is the beginning of a period known as
the “Great Inflation.” As the pervasiveness of technology increases toward the second half
of 1970s, price dispersion moderates. Nevertheless, as the technology induced productivity
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loses steam we see an inability of technology in contributing to the reduction of price dispersion during late-1970s to early 1980s. Our analysis shows that the impact of technology
takes off starting mid-1980s, probably in response to the widespread use of technology in
the everyday life. Consumers and corporations have recognized the power of information
as communicated by the internet and convenient delivery opportunities, which complement
the price information, leading a more uniform pricing scheme across the country, at least
compared to previous periods.
As alluded to above, since the price dispersion has not completely disappeared among
the US regions, there still must be some impediments precluding markets from attaining
perfect competition. Nevertheless, the recent experience of the global pandemic is a candidate to lead the markets more in the direction of digital marketplace. The market-based
data gathered so far show that consumers have turned to online environments for shopping
purposes, and companies have been accommodating. Amazon, in particular, seems to have
captured a significant portion of the online market. Additionally, the marketing literature
says that habits learned during crises tend to stick around. Therefore, we think that the
price information gathering via online platforms by consumers will only continue to grow.
Cognizant of this fact, it is likely that firms will keep an eye on the prices set by competitors.
All things considered, we see signs of further price convergence across regions. Having said
that, as we do not explicitly address the impact of Covid-19 on prices, we propose this as a
subject for future study.
Obviously, these findings should be further investigated with different definitions of technology as the data become more available. After all, the literature is not yet in complete
agreement about the measurement of technology (Mincer & Danninger, 2000). Therefore, in
conclusion, we guardedly state that information technology has probably led to reduced dispersion in inflation across regions in the USA, but we cannot say that its power is unlimited.
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