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Abstract

In this paper, we propose a straightforward way to esti-
mate the Fisher ideal total factor productivity (TFP) index
(FI) in cases where price information is unavailable, using
‘shadow prices’ derived from data envelopment analysis
(DEA). A Monte Carlo experiment shows that the shadow
price Fisher ideal TFP index (SPFI) can effectively esti-
mate the ‘true’ FI with relatively small (and stable) errors.
The empirical application to the US agriculture sector
(1948-2017) further suggests that the SPFI is a (superior)
alternative to the traditional Malmquist DEA, especially
in dealing with unbalanced panel or time series data when
price data are unknown.
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Productivity assessments have long interested researchers in analysing firms' performance,
especially for accounting for growth over time. There are two main approaches to measur-
ing growth in total factor productivity (TFP): the axiomatic and the economic approaches
(Diewert, 1992; Diewert & Nakamura, 2003). The former approach, which is more tradi-
tional in the literature, requires information on the quantity of input or output and their
prices in different periods (from time series data) to construct an ideal TFP index that has
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a number of axiomatic properties (e.g., the Fisher ideal TFP index [FI] in Diewert, 1992).
The biggest problem, however, is that economic data are often available in terms of values
(Cross & Fire, 2009, 2015) or quantities (Silva Portela, 2014), that is, the prices are unob-
served. By contrast, the economic approach relies on some assumptions (e.g., production
or cost functions) being made, which, in turn, allow the calculation of a TFP index using
only the quantities of inputs and outputs (e.g., the Malmquist TFP index [MI] in Caves
et al., 1982; Fare et al., 1994). It also requires panel data and is thus a detour from the origin
of the axiomatic approach as a time series analysis.

We note that the economic approach still (indirectly) uses ‘shadow prices’ (i.e., the esti-
mated prices of inputs and outputs based on economic theory and the firm's behaviours) in
its TFP calculation. It first estimates the common (production or cost or profit) frontier for
all firms and then compares the firms from different periods (and frontiers) to measure
changes in their TFP over time (Grifell-Tatjé & Lovell, 1997; Fire et al., 1998; Kuosmanen
& Sipildinen, 2009; Kerstens & Woestyne, 2014; Tziogkidis et al., 2018). Therefore, we argue
that if the shadow prices of inputs and outputs can be estimated using the economic ap-
proach, one can easily use them to construct an axiomatic TFP index such as the FL.! The
idea of using shadow prices to estimate the FI in the economic approach is not new and was
examined by Kuosmanen et al. (2004), and Kuosmanen and Sipildinen (2009), among oth-
ers. Although these studies depended on balanced panel data, we show that it is possible to
estimate the so-called ‘shadow prices’ of the Fisher ideal TFP index (SPFI) from time series
data on quantities so that we can effectively measure the ‘true’ FI for both balanced and
unbalanced data. In this sense, our paper differs from the works of Cross and Fare (2015)
and Silva Portela (2014), who estimate the prices and quantities from value-based data while
we estimate the (shadow) prices from quantity data. To the best of our knowledge, this is the
first study to do so.

To evaluate the accuracy of our Fisher TFP estimation, a Monte Carlo simulation was
used, following the framework of Giraleas et al. (2012). In particular, we generated the
quantities of inputs and outputs, as well as the prices, and computed the ‘true’ FI measures.
We then computed the SPFI only from the quantities of inputs and outputs. The compari-
sons between the SPFI and the FI, especially under different settings of the variance in the
quantities of inputs and outputs, showed that the SPFI can effectively estimate the ‘true’ FI
with relatively small (and stable) errors. For our empirical analysis, the US agricultural sec-
tor was chosen. This is because agriculture is a popular sector for TFP applications (Fére
et al., 1985; Liu et al., 2013; Madau et al., 2017; Mao & Koo, 1997; Ngo et al., 2019; Thiam
et al., 2001), in which agriculture in the United States has been extensively examined (Balk
et al., 2020; O'Donnell, 2012; Plastina et al., 2021). We found that the SPFI estimates out-
performed those calculated from the MI and the TFP estimations provided by the United
States Department of Agriculture (USDA). The SPFI, therefore, provides a good approxi-
mation of the ‘true’ FI for both the cases of balanced and unbalanced panel data, and also
works for time series data, even when the price data are unknown. This strengthens our
argument that the SPFI is a better alternative to the MI, which has been popularly used in
the field of assessing productivity and efficiency (Alexakis et al., 2019; Féare et al., 1998; Kao
& Hwang, 2014; Li et al., 2022).

In what follows, Section 2 first briefly explains how the nonparametric technique of data en-
velopment analysis (DEA) is used to estimate the shadow prices of inputs and outputs, and how
shadow prices can be directly applied to the process of calculating the SPFI. Section 3 presents
a simple Monte Carlo experiment to evaluate the accuracy of our SPFI. An empirical analysis

"Diewert (1992) listed 20 properties that an index should have and concluded that the FI is the only function that satisfies all these
requirements.
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using the SPFI of the US agricultural sector (1948-2017) is presented and discussed in Section 4.
Section 5 provides some concluding remarks and the implications of the results.

2 | NONPARAMETRIC SHADOW PRICES FOR THE SPFI

The original idea of DEA is to find the optimal multipliers (weights) that can maximise the
ratio of weighted outputs to weighted inputs, that is, the efficiency score of the selected firm
within the group of firms in an industry. Theoretically, these weights show how inputs and
outputs can be combined in the production function (or cost—profit functions) of the firm, thus
explaining the hidden relationships (and hence the name ‘shadow prices’) among their prices.
For a set of n firms, each using m inputs x, (i=1, 2, ..., m) to produce s outputs y, (r=1, 2, ...,
s), a certain j,-th firm can maximise its constant returns to scale efficiency by solving the fol-
lowing nonlinear fractional programming problem?:

Zi uryr'

EF}O =max, , m—]0

Zm Z,’ ViXij,
. r Uy . 1
subJectto:k—jsl,jzl,..,n M

i ity
u,,v;20,r=1,..,s,i=1,..,m

In this article, our approach is slightly different. We consider K period observations of a
certain firm that forms a time series production frontier.> Hence, Equation (1) can be used to
estimate the shadow prices (and the efficiency) of that firm in different periods.* Once these
shadow prices have been estimated, they can replace the true prices in the Fisher output quan-
tity index and the Fisher input quantity index, following Diewert (1992), Fére and
Grosskopf (1992), and Diewert and Nakamura (2003), among others:

12
F2(p*1,y01) = Py py /'th Fisher output tity ind )
ey )= 555 is the Fisher output quantity index
Py py
0 0.1 0.1 W0xl Wlx1 1/2. . . . .
F2(w, x") = 0 il is the Fisher input quantity index A3)

where p and w are the real output and input prices in the periods 0 and 1, respectively.
Consequently, the SPFT is derived as follows:

12
WOyl yly!
0/(,0.1 ,,0.1
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o (Gmay T R0
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@

>The constant return to scale DEA model, which was introduced by Charnes et al. (1978), is used because of its simplification.
Once can easily extend the model for the assumption of variable-returns-to-scale following Banker et al. (1984).

*This is also called a ‘k-specific intertemporal production sets’ (Tulkens & vanden Eeckaut, 1995). However, one can still use the
proposed method for cross-sectional or panel data.

*The super-efficiency approach of Andersen and Petersen (1993) is also used to avoid the problem of non-unique shadow prices.
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where u and v are the shadow prices of outputs and inputs estimated from Equation (1) in the
periods 0 and 1, respectively.

3 | MONTE CARLO SIMULATION AND THE ACCURACY
OF THE SPFI

We evaluated the accuracy of our SPFI measure using a simple Monte Carlo simulation, simi-
lar to the experiment of Giraleas et al. (2012).

For the first period, § amounts of input (x;, x,, ..., x) and a single amount of output y of our
unique firm were randomly drawn from a uniform distribution in the range (10, 20). Accordingly,
the data in the subsequent periods were non-negative no matter what standard deviation (SD) val-
ues are chosen. Consequently, S corresponding input prices (w;, w,, ..., w¢) were also randomly se-
lected from a uniform distribution U(0, 1). Note that this data-generating process allowed the best
outcome when generating random values for the inputs and output that had equal probabilities.
This process is popularly applied in DEA simulation studies (Kneip et al., 2016; Lee & Cai, 2020;
Ngo & Tsui, 2021; Simar & Wilson, 2007). The output price p is then determined according to the
zero economic profit theory, that is, by equating total revenues to total costs:

Wlxl +W2X2+ e +WSXS=py (5)
(Wlxl +W2x2+ +Wst)

pP= (6)
y

For the (K — 1) subsequent periods,’ the quantities of inputs and outputs of that same firm
were scaled by (K—1) random normally distributed numbers N(0, SD) with a default value of
SD=0.1. We also examined the cases where SD=0.25 and SD=0.5.° By increasing SD, we
allow the quantity of inputs and outputs to be more volatile over time and thus increase the
volatility of p, according to Equation (6). In time series analysis, this also means that the
changes in productivity over time will become larger (i.e., greater fluctuation of FI over time).
Consequently, the efficiency estimated using Equation (1) will be more volatile between peri-
ods, resulting in a more volatile SPFI. Meanwhile, input and output prices were randomly
generated as in the first period.

In the end, we produced simulated time series data for a unique firm over K periods that
used S amounts of inputs (x;, X,, ..., Xg), which corresponded to Sinput prices (w;, w,, ..., wg),
to produce a single amount of output y, which corresponded to the output price p. Based on
that, we can easily compute the ‘true’ FI using x, w, y and p. We can also estimate the SPFI
using the shadow prices obtained from a DEA model using only x and y. We then analyse the
accuracy of the SPFI using the mean absolute deviation (MAD), the root mean square error
(RMSE) and the accuracy level (AC) as follows.”

K
11
MAD = §<E ;|SPFIi —FIi|) (7

°It is noted that if the length of the time series is too short, for example, only two to three periods, our DEA model will still suffer
from the pitfall of an insufficient number of DMUs (Dyson et al., 2001).

These values are chosen following Giraleas et al. (2012). We, however, also examine the case of SD = 0.5 since our analysis is bases
on time series data in which the volatility over time may be higher than that of cross-sectional data as in Giraleas et al. (2012).
Note again that we did not examine the heteroscedastic issue where SD is time-varying due to its complicatedness; we leave this
task for future research.

"Giraleas et al. (2012) used MAD and the mean square error, a different version of the RMSE, for their analysis. The AC was used
by Cross and Fare (2015).
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TABLE 1 Summary of the accuracy with low volatility (SD=0.10).

S=1 S=3 S=5

K 10 20 30 50 10 20 30 50 10 20 30 50

MAD 0.000  0.000 0.000 0.000 0.003 0.003 0.003 0.003 0.003 0.003 0.003 0.003
RMSE  0.000 0.000 0.000 0.000 0.004 0.004 0.004 0.004 0.004 0.004 0.004 0.004
AC 1.000 1.000  1.000  1.000  1.000 1.000 1.000 1.000 1.000  1.000  1.000  1.000
SP 1.000 1.000 1.000 1.000 0.838 0.843 0.854 0862 0.786  0.836  0.843  0.847
nSP 300 300 300 300 283 300 300 300 270 300 300 300

Abbreviations: AC, accuracy level; K, the number of periods involved in the simulation; MAD, mean absolute deviation; nSP,
number of cases with a 10% level of significance in Spearman's test; RMSE, root mean square error; S, the number of inputs
involved in the simulation; SP, Spearman's coefficient.

K
1 |1 2
RMSE = —1|— PFI, - FI, 8
SE=— K;(s i~ FI,) ®)
AC = 11+ FI; 9
~ B\ K & SPFI, ©)

where B is the number of simulations.

According to Equations (7)—(9), the SPFI will be more accurate or closer to the ‘true’ FI
when the MAD and RMSE are small and when AC is closer to unity. In addition to these tests
for measurement errors, we carried out a nonparametric test for the correlation between the
SPFI and the ‘true’ F1. We also report the average Spearman's ranking correlation coefficients
(SP) between the SPFI and FI, as well as the number of cases in which this coefficient was sta-
tistically significant at the 10% level of significance (nSP).

In what follows, we report the accuracy of the SPFI in our Monte Carlo experiments
where we increased the number of inputs (S=1, 3, 5), the number of periods (K= 10, 20, 30,
50) and the data's volatility (SD=0.1, 0.25, 0.5) across 300 simulations (B=300),} in com-
parison with the ‘true’ FI. Since most DEA applications involve fewer than five inputs and
have a period of 30 years, these settings are justified for our simulation. The MAD, RMSE,
AC, SP and nSP between the two measures from different experiments are presented in
Tables 1-3, with the volatility increasing as SD=0.1 to SD=0.25 and SD=0.5,
respectively.

First, we can see that for the case of one input and one output (i.e., S=1), in all three
tables, the MADs and RMSEs are zero, whereas the AC equal unity, indicating that the
SPFI is identical to the ‘true’ FI. We argue that, for the case of a single input and a single
output, the DEA requires the least estimation so that the shadow prices (z and v) can cap-
ture the relationship between the true prices (p and w); thus, the SPFI is free from estima-
tion errors.’

Second, with less volatile data (i.e., SD=0.10), increasing the number of periods (K) and/
or the number of inputs (S) had no impact on the accuracy of the SPFI. In fact, it made the
correlation between SPFI and the ‘true’ FI stronger, reflected in higher SP and nSP (the
bottom two rows of Table 1). For moderately and highly volatile data, an increase in the

8We chose B = 300 following Cross and Fire (2015). We also tested for the case that B = 500 but no significant improvements were
found, so we conclude that 300 simulations are sufficient.
Although the ‘shadow prices’ estimated by DEA may not be identical to the true prices.
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TABLE 2 Summary of the accuracy with moderate volatility (SD=0.25).

S=1 S=3 S=5

K 10 20 30 50 10 20 30 50 10 20 30 50

MAD 0.000  0.000  0.000 0.000 0.007 0.007 0.008 0.008 0.008 0.008 0.008 0.008
RMSE  0.000 0.000 0.000 0.000 0.009 0.010 0.010 0.010 0.009 0.010 0.010 0.010
AC 1.000  1.000  1.000  1.000  1.000 1.000 1.000  1.000  1.000 1.000  1.000 1.000
SP 1.000  1.000  1.000 1.000 0.821 0.855 0860 0860 0.797 0.829 0.837  0.838
nSP 300 300 300 300 278 300 300 300 270 300 300 300

Abbreviations: AC, accuracy level; K, the number of periods involved in the simulation; MAD, mean absolute deviation; nSP,
number of cases with a 10% level of significance in Spearman's test; RMSE, root mean square error; S, the number of inputs
involved in the simulation; SP, Spearman's coefficient.

TABLE 3 Summary of the accuracy with high volatility (SD=0.5).

S=1 S=3 S=5

K 10 20 30 50 10 20 30 50 10 20 30 50

MAD 0.000 0.000  0.000 0.000 0.014 0.015 0.016 0.016 0.016 0.015 0.016 0.016
RMSE  0.000 0.000 0.000 0.000 0.018 0.019 0.021 0.021 0.020 0.021 0.021  0.021

AC 1.000 1.000  1.000  1.000  1.000 1.000  1.000 1.000 1.001 1.000  1.001 1.001
SP 1.000 1.000  1.000 1.000 0.832 0846 0.852 0.861 0.791 0.824  0.829  0.837
nSP 300 300 300 300 280 300 300 300 267 297 300 300

Abbreviations: AC, accuracy level; K, the number of periods involved in the simulation; MAD, mean absolute deviation; nSP,
number of cases with a 10% level of significance in Spearman's test; RMSE, root mean square error; S, the number of inputs
involved in the simulation; SP, Spearman's coefficient.

number of inputs slightly decreased the accuracy of the SPFI, but it was still acceptable
as the increases were only 10-20 percentage points (in terms of MAD, RMSE and AC). In
contrast, an increase in the number of periods made the SPFI more consistent (in terms
of SP and nSP) (Tables 2 and 3). Consequently, we suggest that the SPFI results are robust
and consistent, and it is thus a good estimate of the ‘true’ FI even when data on prices are
unobservable.

Third, the highest errors in terms of MAD, RMSE and AC were found for the case of
the highest volatility, the highest number of inputs and the highest number of periods (see
Table 3 for the case where S=5 and K=50). This is reasonable because more estimation
is now involved, and DEA becomes (relatively) less efficient in computing the ‘true’ rela-
tionships between the prices. However, consistent with the previous discussion, since SP
and nSP were high enough, we still concluded that the SPFI could effectively estimate the
‘true’ FI. Figure 1 illustrates the detailed results of our simulations for this case with the
highest error. Note that our simulations are multi-dimensional regarding S, K, SD and the
set of measurements including MAD, RMSE, AC, SP and nSP. It is therefore not easy to
illustrate the results using a two-dimensional figure. Nevertheless, it can still be observed
in Figure 1 that the MAD varies within an acceptable range of 0.007 to 0.032, whereas the
AC is close to unity and the SP mostly ranges from moderate (i.e., 0.550) to strong (i.e.,
0.970).
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FIGURE 1 Accuracy between SPFI and the ‘true’ FI (S=5, K=50, SD=0.5).

4 | EMPIRICAL APPLICATION: PRODUCTIVITY OF THE
US AGRICULTURAL SECTOR (1948-2017)

Agriculture is a popular sector for TFP applications (Balk et al., 2020; Fare et al., 1985; Liu
et al., 2013; Thiam et al., 2001). For instance, Mao and Koo (1997) studied the Malmquist TFP
of 29 provinces in mainland China from 1984 to 1993 and found that the increase in TFP in
Chinese agricultural production mainly arose from technological innovations. In contrast, a
study by Madau et al. (2017) on the European dairy sectors (22 countries, 2004-2012) found
dairy farms suffered a decline in TFP. At the global level, Coelli and Rao (2005) found that
Asian countries had the highest cumulative growth in agricultural productivity, followed by
North America and Europe, whereas Africa and South America remained at the bottom. A
short summary of such studies is that they mostly relied on the Malmquist TFP index intro-
duced by Fire et al. (1994), which requires panel data. Our empirical application of the SPFI
contributes to this strand of the literature by examining the case of both panel (balanced and
unbalanced) and time series data.

To illustrate the SPFI, we, used data from the US agricultural sector. These data have been
collected and tabulated by the Economic Research Section of the USDA.!” These data were
alsoused in previous studies such as O'Donnell (2012), Balk et al. (2020) and Plastina et al. (2021).
It is noted that US agricultural data at the state level are only available for the 1960-2004

"The data can be downloaded from https://www.ers.usda.gov/data-products/agricultural-productivity-in-the-us/.
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TABLE 4 TFP of US agriculture at the state level (1960 and 2004).

Panel A. Descriptive statistics

Variable Mean Standard deviation Min Max
FI1 1.395 0.289 0.742 2.027
MI 1.549 0.440 0.522 2.688
SPFI1 1.422 0.513 0.469 2.743
USDA 1.687 0.424 0.579 2.578

Panel B. Comparison results

SPFI vs. MI vs. USDA vs.
Type of test SPFIvs.FI ~ SPFIvs. MI  USDA MlIvs. FI  USDA FI
t-test (H - equal means) 0.383 -1.719* —3.755%%* 2.828%** =D 427** 8. 713
Mann-Whitney test (H,:  —0.769 —2.032%* —3.246%** —-1.795* —1.957*%  —3.818%**
equal ranks)
Spearman's test (H ' no 0.312%* 0.414%** 0.425%** 0.520%**  0.628%**  (.834%**
correlation)
Kendall's test (H - no 0.202%* 0.303%** 0.282%* 0.353%** 0.433%F% - (.644%**
correlation)

Note: *, ** and *** denote the 10%, 5%, and 1% levels of significance, respectively.

period, whereas the national-level data cover the 1948-2017 period. Hence, if we would like to
conveniently follow the traditional (Malmquist) TFP approach using the state-level (balanced)
panel data, we may need to use a narrower data set from the 1960-2004 period, that is, 45
yearly observations. In contrast, we can use the new SPFI for the whole period of 1948-2017
using the national-level time series data, that is, 70 yearly observations. Such real-life data are
important for our analysis to illustrate that the proposed SPFI can work for a wide range of
data.

We first compare the results of the SPFI, the Malmquist TFP and the TFP estimations
provided by the USDA. For space-saving purposes, following Balk et al. (2020), we have not
reported the estimation results for every year of the whole period of 1960-2004; instead,
we focussed on the first and last available years of the data set to estimate the growth in
TFP between 1960 and 2004. Table 4 presents the comparison among these indices, where
our FI (the ‘true’ Fisher TFP index calculated using data on both quantities and prices)
and the Malmquist TFP index (MI) estimated using only data on quantities are identical
to what has been reported as the FI and the geometric mean output-orientated MI in Balk
et al. (2020), respectively. Similar to Balk et al. (2020), we found that the estimates of TFP
provided by the USDA had the highest values as a result of their estimation procedures
(Appendix SI).

However, following the argument that the FI calculated from data on quantities and prices
is the most accurate measure of TFP (Diewert, 1992), comparing the estimated TFP indices
with the FI values is more important. According to Panel A of Table 4, our SPFI estimate was
the closest to the ‘true’ FI measure, compared with the MI and USDA measures. Panel B of
Table 4 also suggests that there is no significant difference between the means (i.e., in the 7-test)
and ranks (i.e., in the Mann-Whitney test) of FI and SPFI, whereas differences between FI and
the two indices (MI and USDA) existed.!!

"As suggested by an anonymous referee, we further employed the Diebold and Mariano (1995) forecast comparison test to
compare the SPFI, USDA and MI against the ‘true’ FI, under the null hypothesis that the forecast accuracy of those measurements
is equal. Our test results suggest that the SPFI has a similar forecasting power to the USDA but better than the MI.
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TABLE 5 TFP of US agriculture at the national level (1948-2017).

Panel A. Descriptive statistics

Variable Mean Standard deviation Min Max
FI 1.016 0.050 0.862 1.175
SPFI1 0.998 0.047 0.796 1.107
USDA 0.666 0.221 0.359 1.079

Panel B. Comparison results

Type of test SPFI vs. F1 SPFI vs. USDA USDA vs. FI
t-test (H,: equal means) —3.397%** 12.055%** —12.565%**
Mann-Whitney test (H,,- equal ranks) —1.880* —8.500%** —8.844%**
Spearman's test (H, no correlation) 0.628*** 0.067 —0.085
Kendall's test (H - no correlation) 0.459%** 0.046 -0.052

Note: *, ** and *** denote the 10%, 5%, and 1% levels of significance, respectively.

In Table 5, we report the TFP estimates using the national-level time series data of US agricul-
ture (1948-2017). Since the M1 could not be estimated in this case, we only present the comparison
among FI (the ‘true’ Fisher TFP index calculated using data on both quantities and prices), SPFI
and the USDA's index (Appendix S2). We also note that the calculation of USDA is different from
the other two: the USDA only accounts for the number of outputs and inputs but not their prices.
For instance, according to Table la of the USDA,'? the TEP for the year 1948 (i.c., TFP,y,,=0.3812)
was calculated as the ratio between the total amount of output (i.e., US$146,398 million) and the
total input (i.e., US$384,058 million) in this year. We thus believe that the FI estimates calculated
from both quantities and prices better reflects the growth in TFP of US agriculture. Consequently,
the comparison between our SPFI and FI in Panel B of Table 5 reveals that SPFI gives a good es-
timation of FI when price data are not available, as the two are consistent with each other (i.e.,
both the Spearman's and Kendall's tests were strongly significant at the 1% level, whereas the
Mann-Whitney test was weakly significant at the 10% level)."®

5 | CONCLUSION

In this article, we proposed a straightforward way to estimate the ‘true’ FI with the SPFI by
using time series data. This is a new application of the estimated shadow prices from the non-
parametric approach of DEA in cases where information on prices is not available, especially
when data exist in the form of time series.

To measure the accuracy of the SPFI, we used a simple Monte Carlo experiment where the
number of inputs, the length of the time series and the volatility of prices and quantities var-
ied. We found that the SPFI effectively estimated the ‘true’ FI with relatively small (and stable)
errors. The empirical part of our study used data from the US agricultural sector (1948-2017).
For this case, following the traditional Malmquist TFP approach meant that we would end
up with a shorter period of analysis (i.e., only 45years for US agriculture at the state level
from 1960 to 2004), compared with the FI and SPFI approaches using time series data (i.e., all

1zhttps://www.ers.usda.gov/webdocs/DataFiles/47679/tableOla.csv
The Diebold and Mariano (1995) test to compare the SPFI and USDA against the ‘true’ FI suggests that the SPFI is a better
forecast.
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70years of the 1948-2017 period). More importantly, empirical comparisons of the TFP mea-
sures (including the Malmquist TFP, the SPFI, and the TFP estimates provided by the USDA),
especially against the ‘true’ FI, suggested that SPF1is a (superior) alternative to the traditional
Malmquist DEA, especially in dealing with unbalanced panel or time series data and when
data on prices are unknown.

Future research can extend our approach by examining the SPFI in other fields such as
banking and finance, health care and transportation where the structure of prices is com-
plicated and often unknown (Alexakis et al., 2019; Boubaker et al., 2024; Liu et al., 2013;
Oh et al., 2017). It would be interesting to include more advanced DEA models, such as
the variable returns to scale assumption (Banker et al., 1984), the slack-based measures
(Tone, 2001), the common set of weights (Hammami et al., 2022), inverse DEA (Boubaker
et al., 2022) or DEA-machine learning (Boubaker et al., 2023). One could also decompose
the SPFI to provide better insights into different aspects of changes in productivity over
time, such as technical changes, technological changes or changes in scale efficiency (Fare
et al., 1994; Ngo & Nguyen, 2012).
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