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One of the most popular diagnostic tools for testing the functional specification of regression models is Ramsey's
(1969) RESET test. If a regression model is adequately specified, then residuals must not be related to fitted values,
which is the underlying rationale for the test. The test involves augmenting the regression equation with higher-
order power polynomial terms and testing their significance. Large higher-order terms suggest that the omitted
variable problem may bias the estimates and that the original regression equation was misspecified. One major
shortfall of the RESET test, however, is that it requires data that is continuously spaced and uniformly distributed.
In practice, it is most likely that the data is not continuously sampled - in some instances, it is quarterly or monthly,
in which case one could expect a problem of time aggregation. This may imply possible changes to the statistical
properties of the data, including its variance and autocorrelation, and may affect the accuracy of the RESET test.
This paper tries to understand the effects of time aggregation on the RESET test through Monte Carlo simulation
and practical application in the foreign exchange market. Its purpose is to test the magnitude and power of
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Ramsey’'s RESET test at different levels of time aggregation. More specifically, we would like to check how the
RESET test performs on data that is aggregated over various time periods in order to see how aggregation affects
its power to detect functional form misspecification in economic models.

The rest of the paper is organized as follows. Section 1 provides the background for the research. Section
2 introduces the RESET specification test along with some necessary notation about time aggregation. Section 3
presents the results of actual application in the foreign exchange market and the simulated model. Section 4
presents concluding remarks.

Research into the impact of temporal aggregation on econometric inference has grown considerably over recent
years, with newer work focusing more directly on how aggregation affects the statistical properties and diagnostic
performance of specification tests Early studies, such as Christodoulou-Volos and Tserkezos (2024), document the
fact that temporal aggregation distorts the size and power of Ramsey's RESET test and often biases results toward
spurious linearity. More recent contributions, such as Christodoulou-Volos & Tserkezos (2025a) and Christodoulou-
Volos (2025b, 2025¢), have extended the analysis to wider classes of misspecification tests, including nonlinear
dynamics and autocorrelation structures, and confirm that information loss increases the likelihood of false model
acceptance.

A complementary line of research investigates the sensitivity of the RESET test across distinct data-
generating processes and levels of persistence. Arellano et al. (2015) show via Monte Carlo simulation that the
probability of accepting linearity rises with deeper temporal aggregation, highlighting reduced sensitivity to omitted
nonlinearities. The greater the degree of temporal aggregation, the higher the probability of accepting the spurious
hypothesis of linearity, since the test has a low sensitivity in order to pick up misspecification. Hecq et al. (2016)
further demonstrate that temporal aggregation weakens the capacity of diagnostic tests to detect nonlinear
transmission mechanisms, as key dynamic patterns become obscured. In fact, this has already been shown, since,
regarding this test, its ability to detect nonlinear interactions has been shown to decay with the level of temporal
aggregation. The reason was that it introduces information loss, harming the very underlying dynamics and patterns
of the variables studied.

From a methodological standpoint, de Peretti et al. (2018) analyze how the aggregation of discrete-time
series induces structural distortions, sometimes producing erroneous inferences about the relationship between
economic variables. They concluded that this could lead one to commit spurious inference errors about the
functional form between economic magnitudes. More precisely, the higher the degree of temporal aggregation, the
more the probability of accepting linearity - or worse, rejecting the true hypothesis - becomes inflated. Their results
showed that when one conducts the RESET test on economic data, time aggregation effects are no longer
negligible. Krolzig and Toro (2016) examine temporal aggregation in the presence of structural breaks, concluding
that aggregation may asymmetrically affect test statistics unless structural changes are properly modeled. They
state that time aggregation can lead to asymmetric test statistics and can produce incorrect model specifications
unless treated appropriately. Similarly, Baek et al. (2020) show that adequately high sample sizes mitigate negative
aggregation effects, with threshold values of about 400 observations stabilizing RESET power. According to their
findings, it appears that beyond the threshold - usually up to 400 observations - the power of the RESET test
stabilizes. That again puts into perspective how very important it is to have enough observations so that the
temporal aggregation will have very minimal effects on test performance.

Additional insights come from Zhang et al. (2021), who find that aggregation may introduce upward bias in
the detection of omitted variable bias, even when the true model is linear. The authors are able to show just how
great an impact this may have on the accuracy of the test. For example, even if the true model is correctly specified,
it may tend to over-detect omitted variable bias when data are highly aggregated. This bias is magnified whenever
the real model is indeed linear rather than nonlinear. They also determined that it is specific characteristics of the
data that determine how temporal aggregation will affect the outcomes of the tests, such that when the data is
highly autocorrelated, the test results may become more biased. Li and Li (2021) extend this reasoning to panel
data models, noting that the deterioration of RESET performance intensifies when the number of time periods
increases relative to the cross-sectional dimension. The results indicated that the higher it is, the worse the
performance of the RESET test. Evidence from Liu et al. (2020) corroborates that aggregation can exaggerate or
suppress omitted variable indications depending on autocorrelation and heteroskedasticity characteristics. Their
results did indicate, in fact, that the temporal aggregation for time series models may result in biased test outcomes.

More importantly, even if the true underlying model is adequately and correctly determined, such tests may
have a tendency to be biased toward finding evidence of omitted variable bias when the series is heavily
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aggregated. They also found that the impact of temporal aggregation on the test result hinges crucially upon the
characteristics of the data, such as the degree of autocorrelation and the degree of heteroscedasticity. In fact, Billio
et al. (2018) have investigated the temporal aggregation effects on the RESET test in the presence of structural
breaks. They simulated data with different levels of temporal aggregations and structural breaks through Monte
Carlo simulation and tested the performance of the RESET test under different conditions. They prove that, in the
presence of structural breaks, this temporal aggregation does not weaken the RESET test, but it does in cases
where the breaks are well-identified and the number of observations is plentiful. On the other hand, when the breaks
are not well identified or there are not enough observations, this test will fail to detect the omitted variable bias.
More importantly, however, the results carry critical implications for applied time series analysis, so one ought to be
pretty choosy about temporal aggregation when undertaking econometric and statistical studies.

These studies collectively underscore that temporal aggregation represents a critical source of distortion in
specification testing. By broadening the scope of empirical contexts considered - from univariate to panel
frameworks, and from stationary to trending data - the literature increasingly emphasizes the necessity of
accounting for aggregation effects when evaluating functional form, especially in high-frequency financial
applications.

The RESET test was developed by Ramsey (1969) as a thorough diagnostic technique to identify possible
misspecifications in regression models, such as missing variables and improper functional forms. The test usually
uses critical values from the F-distribution and is based on the Lagrange Multiplier principle. It looks at whether
adding nonlinear elements or changing the fitted values enhances the model’s capacity to explain phenomena.
Considering the standard linear regression model, which forms the basis of our investigation,

y=X,B+M (1)

and assume that the data on y and X are stationary time series. The RESET tests the hypothesis that this (null)
model is specified correctly. Choose a TxM matrix Z of “test variables,” to apply OLS to the equation:

y= Xﬂ +Za+e¢ (2)
and test the hypothesis H,: a = 0 using a standard F test:
B (R*>>—R*))/h
(1-R*)NT —(k+1+h)

~ F[h,(T —(k+1+h))]

Ramsey’s (1969) choice for test variables is:

2 3 .4 A

h
z, = ¥, Y, Y, e v, ] 4

A A

where 7+ =% B and B is the OLS fitted value from the null model.

If the power of the RESET test is maintained when y; and x; are time aggregated, then time aggregation and

systematic sampling are important.

C is a time aggregation matrix of the form:

[11...11000............ 00000000000000 |
00000011....11000......0000000000

C =|00000000000011....1100....000000

1 0000................ 00000000001 11...11 | (5)

Time aggregates, in contrast, are formed by averaging basic observations over non-overlapping intervals.
Let yrArepresent the time-aggregated data,

v =Cy, (6)

where y;is the time aggregation level.
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3. Research Methodology: The Monte Carlo Experiments

Our simulation experiment is based on the following nonlinear specification:

v, =aexp(bx,)+u, u, ~ NID(0,.25) (7)
X, =m, + (WA-17)° W, w, = NID(.25) and 7 =0.1,0.5,0.95 (8)

Using equations (4)-(8) to obtain simulated observations of the dependent variable yt, we applied Ramsey’s
RESET test, estimating the linear model:

Y, =a+fx +u, )
and using the RESET test, test the following hypotheses:
H, :u, ~ NID(0,57.) ang Hi #4 ~ NID(4,0°.) with ## 0

The basic time series is evaluated with sample intervals ranging from 1 to 20 observations. Various numbers
of observations were employed for the basic series, ranging from 400 to 1300."

Equations (7) and (8) are used to create 5,000 replications of the basic time series, which are time
aggregated at every sample interval under the null hypothesis. The independent variable was used with four
specifications. The initial three requirements, which derive from equation (8) and parameter 1, result in three distinct
stationary time series with autoregressive properties. An exponential time trend, which is defined as follows, is the
independent variable's final definition.

x, =exp(0.0047R,) + w, w, = NID(.25) 1R, =12,.....T (10)

To find out if a linear functional specification is the most acceptable one between the two variables, basic
RESET tests were run. Table 1 presents the analytical results for twenty distinct time aggregation levels (j =1, 2...,
20), four independent variable features, and various numbers of available data (t = 400,500...1300).

Table 1. Rejection Frequencies Based on Sample Size, Time Aggregation Levels, and Independent Variable Characteristics

Number of
Observations
Aggregation  Stationarity
Level
1 100.0 100.0
5 39.26  48.10
10 7.44 3.50
() 2.82 2.06
20 242 1.30

Aggregation  Stationarity
Level

400 500 600 900 1000 1100 1200 1300

1 100.0  100.09  100.09  100.09 100.09
5 3099 7403 8644  96.27 99.20
10 7.56 3086  39.53  67.81 75.77
5 9.56 1405 2005  27.79 38.28
20 1.78 2.36 5.16 6.76 11.78

Aggregation  syationarity
Level

1 51.2
5 45.7
10 39.3
5 KYAY
20 29.2

1 Since 400 observations, at the greatest level of time aggregation, yield just 20 observations, we feel that this is the minimum
amount of data needed to perform the RESET test. Therefore, we must begin with 400 observations.
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Aggregation  Exponential Trend
Level

1 75.0 97.9 100.0 100.0

5 64.7 95.3 99.7 100.1

10 53.6 91.0 98.7 100.0

15 47.6 85.8 98.1 99.4

20 38.4 82.1 95.7 99.1
Note: Data entries are probabilities of type Il error where the null is the existence of Linearity, which is false by construction.
The RESET test was replicated 5000 times for the specification (9)-(13). The size of the test is a = 0.025. Data entries are
given by n/5000, where n is the number of times the null is rejected.

3.1 Empirical Analysis of Linearity Between Exchange Rates

This section presents an analysis of the results of a Monte Carlo simulation using empirical tests for a linear or
nonlinear relationship between two major exchange rates, namely, the U.S. dollar to one euro (USEU) and the U.S.
dollar to one U.K. pound sterling (USUK).

Table 2. Time Aggregation Effects on the RESET Test between the two Exchange Rates

All Possible Samples of n-size
Time
Aggregation 100 200 300 400 500 600 700 800 900
Level

11486 22554 24056  13.367 30475 31159 21790 2.063 0.480
0.587 1.118 2.090 1.847 3.920 6.171 3686 0479 0.202
0.316 0.555 0.822 0.971 1.658 2.504 1.708 0312 0.234
0.338 0.388 0.422 0.515 1.155 1.147 0990  029% 0.193
0.274 0.283 0.369 0.370 0.693 0.709 0.677 0261  0.195
0.227 0.384 0.322 0.212 0.619 0.385 0518 0291 0212
0.242 0.293 0.332 0.303 0.405 0.343 0.381 0297  0.231
0.278 0.299 0.206 0.186 0.342 0.259 0326 0259 0.211
0.257 0.278 0.236 0.166 0.218 0.223 0.241 0262 0.274
0.241 0.281 0.208 0.226 0.230 0.246 0242 0285 0.226
0.232 0.272 0.221 0.171 0.290 0.172 0.143 0250  0.227
0.257 0.259 0.223 0.173 0.104 0.178 0129 0206 0.232
0.232 0.224 0.174 0.118 0.233 0.113 0.139 0.247  0.210
0.219 0.248 0.206 0.166 0.162 0.092 0124  0.182  0.208
0.228 0.244 0.154 0.183 0.213 0.165 0.085 0.175  0.198
0.294 0.204 0.174 0.142 0.242 0.133 0118 0171  0.211

0.281 0.232 0.180 0.097 0.245 0.170 0.101 0.159  0.196

0.177 0.219 0.141 0.154 0.191 0.118 0.084 0142 0.201

0.184 0.206 0.179 0.085 0.234 0.118 0.100 0.167  0.172

0.259 0.212 0.117 0.129 0.184 0.090 0.100  0.147  0.157

The dataset encompasses daily observations from April 4, 1999, to April 4, 2024, constituting a total of 6,336
observations. Therefore, the data points were transformed into logarithmic form to carry out the analysis. First of
all, there are some major advantages to logarithmic transformations when working with spot exchange rates. The
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first is that it tends to normalize the distribution, and hence the data becomes more suitable for statistical analysis.
Second, they are capable of stabilizing variance, which is important since exchange rate data usually exhibit
heteroscedasticity across time. Changes in the logarithm of prices are, therefore, percentage changes; hence, they
are more interpretable and meaningful for financial analysis. Logarithmic transformations ensure that trends within
data become easily linearized, hence making linear regression techniques effective in modeling. They reduce the
skewness in data to a normal distribution; hence, their performance in statistical tests and models is improved. In
general, the usage of logarithmic transformations increases the capability and insights obtained when analyzing
exchange rates. Overall, the utilization of logarithmic transformations enhances the analytical capability and insights
derived from analyzing exchange rates.

Table 2 reports the effects of time aggregation on the RESET test that has been applied to test for linearity
between USEU and USUK.

The table shows the results of the empirical investigation of time aggregation on the RESET test between
the two major exchange rates, USEU and USUK. The values in the table represent the ratio of the F Statistic to the
F critical value, where a ratio greater than 1 indicates a non-linear relationship between the two exchange rates,
and a ratio less than 1 indicates linearity.

The following inferences are made from the results of the Monte Carlo simulation of how time aggregation affects
the RESET test: Particularly,

i. The higher the time aggregation, the greater the possibility or probability of accepting the false hypothesis,
linearity, when using a RESET test. The highest level of time aggregation is characterized by a very high probability
of rejecting the true hypothesis-accepting linearity in all cases, and this depends on the characteristics of the
independent variable and the number of available observations. That is, the RESET test becomes less sensitive to
detecting nonlinear relationships when applied to timely aggregated data. It, therefore, follows that the loss of
information from aggregation reduces the test's ability to capture and identify nonlinear patterns in data.

ii. Time aggregation effect: This depends on the value of the parameter 1. For values ranging from 0.1 to 0.5,
the probability of accepting linearity is higher under time aggregation than under systematic sampling. However, for
a value of the parameter 1 around 0.9, time aggregation leads to a lower probability of rejecting the true hypothesis
than systematic sampling does. The latter pattern is reproduced when the independent variable shows a trending
behavior. This may suggest that the power of the RESET test to detect misspecification depends on the underlying
characteristics of the data and particular parameters. Another factor affecting the power of the RESET test under
time aggregation is the number of available observations. As the number of observations available increases at the
highest level of time disaggregation, the probability of accepting linearity decreases. Beyond a threshold-usually
about 400 observations test power usually stabilizes to indicate that a sufficient number of observations is required
to mitigate the adverse effects of time aggregation.

iii. The power of the RESET test will also be affected by the number of available observations under time
aggregation; the higher the level of time disaggregation, the fewer the number of observations that will lead to a
diminution in the probability of accepting linearity. Under time aggregation, the number of available observations
also affects the power of the RESET test: the probability of accepting linearity decreases as the number of
observations is increased at the highest level of time disaggregation. It is only beyond a threshold number of, say,
400 observations that the power will stabilize because the power requires a sufficient number of observations to
reduce negative effects caused by time aggregation.

iv. At the short-time aggregation level, the probability of the rejection of the true hypothesis is larger when
using time aggregation than for systematic sampling. As an example, consider that for aggregation level 10, the
percentage of rejecting the true hypothesis is approximately 40% for time aggregation and 10% for systematic
sampling, when T is about 0.1 and 0.6, respectively. Also, when 1 is about 0.9, similar kinds of percentages are
observed in it.

v. The performance of timely aggregated data is compared to systematically sampled data. Over short
periods of aggregation, systematically sampled data tend to be more powerful than their timely aggregated
counterparts. However, over longer spans of aggregation, the performance of the two approaches becomes
comparable. It follows that the choice between time aggregation and systematic sampling should consider the span
of aggregation as well as the specific research objectives.

Overall, the analysis supported evidence that time aggregation significantly influences the power of the
RESET test: the higher the level of time aggregation, the higher the probability of accepting the false hypothesis of
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linearity. The exact influence is specified by the value of the parameter 1, the number of available observations, and
the length of the aggregation period.

Some of the important observations and inferences arising from the empirical analysis, as depicted in Table
2, are as follows:

i. The table is arranged with time aggregation of different levels running from 1 to 20, and for each of these
aggregation levels, the sample sizes run from 100 to 1100. Moving across the rows from different levels of time
aggregation, the ratio values fluctuate. This indicates that the time scale of aggregation matters for linearity in the
relationship between the exchange rates. For example, at a time aggregation level 1, most of the ratios are relatively
higher compared to other levels; this suggests a greater likelihood of non-linear relationships at this level of time
aggregation.

ii. With the change in sample sizes, the ratio values fluctuate. More precisely, with the increase in the sample
size along the columns, the ratios tend to be lower. In general, the ratios seem to get lower as the sample size
increases. For the small samples, mainly less than 500, the ratio is sometimes greater than 1, indicating that the
relationship in the exchange rates is not linear. However, for a larger sample size, this ratio tends to drift below 1,
hence indicating linearity in their relationship. The relationship between the exchange rates may be more linear at
larger sample sizes.

iii. From an overall view of the table, one can notice that there are cases for which, at different levels of time
aggregation as well as sample sizes, the ratio remains above 1, indicating that under those conditions, the existence
of a non-linear relationship between the two exchange rates is consistent. Similarly, there are conditions under
which the ratios remain below 1, and evidence of a linear relationship exists.

iv. The ratios vary for particular time aggregation level-sample size combinations. The causes may be many,
including changes in market conditions or economic events, but perhaps just statistical noise.

v. Aratio much smaller than 1 indicates stronger adherence to linearity, and a ratio much greater than 1
indicates strong deviation from linearity. Values around 1 indicate a grey zone in which, depending on the case, the
linearity assumption may or may not be maintained.

In other words, Table 2 summarizes the effect that time aggregation has imposed on both sample size and
the RESET test. The results derived might help us to understand the dynamics of these exchange rates for an
informed decision in either financial analysis or forecasting.

The Monte Carlo experiment illustrates how time aggregation affects the power and size of the RESET test: For
larger time aggregations, the probability of rejecting the spurious hypothesis of linearity increases and hence
reflects a loss in sensitivity in detecting misspecification. Time aggregation effects depend on the values taken by
the autoregressive parameter 1 and the number of available observations. In addition, it was also tested against
systematically sampled data, which demonstrated that even when systematically sampled data are more powerful
than timely aggregated data for small spans of aggregation, they perform similarly over longer spans of aggregation.
These conclusions indicated the mostimportant implications of the analysis for the use of the RESET test to account
for time aggregation. It is advisable to be very cautious in the interpretation of tests and to handle timely aggregated
data very warily. Such a loss of information through aggregation may lead to the wrong conclusions about the
functional form taken by the model and therefore result in biased estimates and misleading inferences. Evidence
from the empirical analysis suggests that linearity in the relationship of the exchange rates is a function of sample
size and also the level of time aggregation.

Larger sample sizes tend to linearize the relationship between the exchange rates, and this is evident from
the lower values of the ratio. Time aggregation may also distort linearity in the relationship since some levels of
aggregation are more consistent in showing lower values of the ratio compared to others. In general, the results
would suggest that a linear model could be adequate to model the relationship between the two exchange rates,
especially with larger sample sizes and/or time aggregation levels in any possible time period. In this regard, the
investigation of the influence of time aggregation on linearity in the relationship of exchange rates is in line with the
results of &, supporting evidence from the previous Monte Carlo simulation. The results also highlight that the level
of time aggregation must be chosen with care, taking into account the particular research context.

Although the requirement is that a good balance should be struck to avoid such practice resulting in further
information loss, several advantages are associated with time aggregation. That is, noise is reduced through
aggregation over time; hence, concentration is made directly on the underlying trends of the data. There must be
a search for a proper planning level of time aggregation that preserves the fundamental data characteristics with a
minimum adverse effect on the RESET test power. Alternative approaches and refinements could be made to
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alleviate the identified effect. One such strategy would be the inclusion of many more diagnostic tests and
techniques for model selection that are less vulnerable to time aggregation. Most importantly, robustness checks
and sensitivity analyses would provide more detailed information on the stability of the model specification under
different levels of time aggregation. The consequences of the Monte Carlo findings reached far beyond the RESET
test. They underline the general challenges associated with time aggregation in applied time series analysis. Other
studies have indicated that the performance of different statistical criteria could be sensitive to controlling
interdependencies between economic variables, in particular as far as time aggregation is concerned. In a general
sense, the Monte Carlo analysis underscores that, for its power and size, it is important for the RESET test to
depend on the time aggregation. It implies more chances that wide-time aggregation will lead to acceptance of the
false hypothesis of linearity, which carries minimum sensitivity for misspecification. This, in turn, reflects on the
value of the autoregressive parameter 1 and on the actual number of observations one has.

While systematically sampled data are more powerful for short aggregation spans, their power converges
to that of timely aggregated data for longer spans. These results bring out the importance of considering time
aggregation effects when using the RESET test and interpreting the results with caution, especially when data are
timely aggregated because of possible biases and misleading inferences. An appropriate choice of the level of
aggregation becomes very important in balancing noise reduction against information loss. Also, it recommends
applying different tests that are less sensitive to aggregation problems, and robustness checks can mitigate some
of the effects of aggregation over time on the stability of the specification of the models. In general, the RESET test
should be interpreted with caution by the researchers as they choose between the different levels of aggregation,
so results can be assigned meaningful interpretations in the context of the research to make an empirical
assessment of the exchange rate relationships.

This paper contributes to the literature by providing the most comprehensive simulation-based investigation
thus far into how temporal aggregation affects Ramsey’s RESET test performance in multiple dimensions, including
the depth of aggregation, autoregressive persistence, sample size, and alternative data-generating processes.
Rather than relying on narrowly specified parameter settings or smaller datasets that have characterized earlier
research, this study complements 5,000 Monte Carlo replications with an empirical analysis based on 6,336 daily
exchange rate observations. The results indicate that temporal aggregation significantly enhances the probability
of spurious acceptance of linearity and, as a result, seriously undermines the diagnostic performance of the RESET
test. By identifying conditions under which systematic sampling, or sufficiently large samples, dampen these
distortions, the study offers novel methodological guidelines for applied econometricians and provides practical
lessons for empirical modeling of exchange rates and other financial time series.

Although the rather comprehensive results provided by the Monte Carlo experiment concerning the effect of time
aggregation on the power and size of the RESET test, there are some respects one could consider as limitations:
The study enumerates among the causes of this phenomenon the influence of the autoregressive parameter T and
the number of observations on time aggregation effects. Also, the comparison with systematically sampled data,
while useful, may not satisfactorily reflect the complications associated with real-world data situations and is
perhaps more constraining on the generalization of the findings. Further, the empirical analysis, though useful, is
essentially concentrated on the examination of the exchange rate series, which implies that validation of the
robustness of these results will require application on a wide range of economic series. Finally, although some
alternative ways of overcoming the problems of time aggregation are discussed, not only are practical
implementation issues not taken up, but computational complexities associated with these methods need careful
consideration in new research efforts. It is further possible that more consideration of alternative methods of
aggregating time could again help in the identification of the nature of the relationship between the exchange rates
and how it is altering the quality of the model fit.
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