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Abstract

This paper examines the robustness of the idiosyncratic volatility (IVOL) effect in Central and
Eastern European (CEE) equity markets through a sensitivity analysis of a systematic
research design. The full design grid contains 518,400 distinct research designs, generated
using IVOL estimation, portfolio specification, a weighting scheme, and sampling filters. The
final sample includes daily data on more than 1,000 stocks from 2001 through November
2025. Across the design space, the spread between high and low IVOL portfolios is highly
sensitive to data frequency and implementation details. Daily frequency designs generate
substantially higher IVOL premium portfolio than monthly designs. Similarly, an equal-
weighting scheme produces a much larger spread than value weighting or capped value
weighting. Portfolio sort granularity also matters, increasing the number of portfolios from
the tercile to the decile level raises the mean spread from 0.80% to 1.34%. To quantify non-
standard errors (NSEs), we compare conventional time-series standard errors with cross-
sectional design dispersions. NSE exceeds SE across almost all design choices. Overall, the
results indicate that the magnitude and statistical significance of the IVOL effect in CEE
markets depend materially on routine yet often underreported design decisions,
underscoring the need for transparent reporting and robust inference across different
research designs.
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Non-Standard Errors in the Idiosyncratic Volatility Effect: Evidence from CEE Equity
Markets

1 Introduction

The idiosyncratic volatility (IVOL) anomaly refers to empirical findings that equities with
higher unsystematic risk deliver lower subsequent returns, which runs counter to what we
would expect based on classical asset pricing theory. The capital asset pricing model (CAPM;
Sharpe 1964, Lintner 1965, Black 1972) and the Fama-French three-factor (FF3) model (Fama
& French 1993), with Markowitz’ (1952) mean-variance framework as a common starting
point, suggest a positive mean-variance relationship and posit that equilibrium prices are
driven by systematic risk only, while unsystematic risk is diversified and unrelated to
subsequent returns. This is in line with empirical evidence by Angelidis and Tessaromatis
(2008), who found equally-weighted idiosyncratic volatility to be independent of future
market returns in most developed European stock markets.

However, under limited information, Merton (1987) shows that idiosyncratic volatility is
positively linked to expected returns because investors cannot fully diversify it away. This
dependence was later validated by empirical studies, such as Malkiel & Xu (2004), who
analyze the US market and a sample of Japanese stocks and find that idiosyncratic risk
positively influences stock returns. In contrast, Ang et al. (2006) use IVOL, derived based on
FF3, and postulate that US stocks with high IVOLs report dramatically low average returns,
which cannot be explained by the FF3 model. Simultaneously, Ang et al. (2009) confirm the
same phenomenon for 23 developed countries, including the G7.

While existing empirical studies yield conflicting results and employ different empirical tools
and assumptions, our goal is to assess the robustness of the idiosyncratic volatility (IVOL)
effectin Central and Eastern European (CEE) equity markets through a sensitivity analysis of
our systematic research design. As CEE equity markets have become an important part of
the global financial markets, understanding how they function is vital for investment
decisions. Following Brockmann et al. (2022), who stress the influence of market maturity on
the IVOL puzzle, we also bear in mind that research conducted on developed markets may
not adequately explain stock behavior in CEE markets, which may behave differently due to
their lower level of development, specific characteristics, and limited liquidity. In particular,
Zaremba (2015) studied the risk-return relationship in CEE markets, but with inconclusive
results. He finds that CEE stocks characterized by low idiosyncratic volatility exhibit
significant positive abnormal performance, a part of which he attributes to momentum-
related dynamics. However, this negative relationship breaks down for microcap firms with
high idiosyncratic risk, as they exhibit superior returns.

This paper contributes to the literature on IVOL anomalies in equity markets by examining the
specification robustness of the IVOL effect in Central and Eastern European (CEE) equity
markets. We conduct a systematic multiverse analysis to investigate the extent to which the
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confirmation or rejection of the IVOL effect is sensitive to reasonable research design
choices. Our empirical results demonstrate that the magnitude and statistical significance
of the IVOL effect in CEE markets depend to a substantial extent on the research design. This
is particularly true with regard to factors such as data frequency, weighting schemes, and
portfolio granularity. Specifically, we find that designs based on daily data generate high-
minus-low IVOL return spreads that are on average twice as large as designs based on
monthly data. Moreover, equal-weighted portfolios produce substantially higher spreads
than value-weighted or capped-value-weighted portfolios. In addition, moving from a three-
portfolio sort to a decile sort also raises the mean spread and increases the share of
statistically significant results. Finally, with regard to statistical inference, we find that the
non-standard error (NSE) exceeds the average bootstrap standard error for almost all model
specifications, indicating that t-statistics based on standard errors may underestimate the
true level of uncertainty in the estimates. Overall, these findings underscore the importance
of transparent reporting of methodological choices and the value of rigorous multiverse-style
analytical frameworks in assessing model robustness.

The rest of the paper is structured as follows. Section 2 presents details on sample
construction and research design. Section 3 contains the discussion of the empirical results.
Section 4 concludes.

2 Literature review

Since Ang (2006) revealed the IVOL anomaly, a substantial body of research has examined
its underlying mechanisms across different asset classes, markets, and time periods,
yielding mixed evidence regarding its occurrence. To better understand the equity markets,
researchers have proposed a broad set of explanations, ranging from psychological factors
to company size, market maturity, equity selection, and methodological issues in measuring
idiosyncratic risk. Although nearly two decades of research have passed, the IVOL anomaly
holds one of the most challenging puzzles in modern asset pricing.

Growing evidence from equity markets indicates that the IVOL anomaly varies with company
size. This is shown, for example, by Goyal and Santa-Clara (2003), who find a positive
relationship between idiosyncratic volatility and subsequent returns for some US stocks
only. This rule is also noted by Ali et al. (2020a), who confirm it only for small firms listed on
the Singapore Stock Market. Similarly, Ali et al. (2020b) document that, in the Indian market,
the IVOL effect is statistically significant only for small firms. Also, Brown and Ferreira (2005)
show that only the idiosyncratic volatilities of small companies are positively correlated with
subsequent returns. On the other hand, Aboulamer and Kryzanowski (2016) admit a positive
effect of IVOL for the Canadian market, but not for small companies. Also, Ali et al. (2020b)
note that, in the Indian market, the IVOL anomaly is significant only for large firms.

Beyond the company itself, many other factors have been identified as influencing the IVOL
puzzle. In line with Wei and Ahang (2005), who show that the IVOL anomaly is period-
dependent, Fu (2009) emphasizes fluctuations in idiosyncratic volatility over time.
Furthermore, Cao et al. (2021) document that the IVOL-return puzzle varies across calendar
days, showing a mostly negative relationship on Fridays and a positive one on Mondays. On

2



the other hand, Qadan and Shuval (2022) highlight its dependence on investors’risk aversion;
Wang et al. (2023) seek to explain the IVOL problem in terms of speculative behavior; and
Stambaugh et al. (2015) attribute the IVOL puzzle to overpricing and arbitrage asymmetry.
The literature also highlights the importance of stock market development and its
determinants. Brockmann et al. (2022) show, in a broad analysis of the relationship between
expected idiosyncratic volatility and returns across 57 countries, including CEE markets, that
this relationship diminishes with greater stock exchange development, increased availability
of high-quality information, and lower transaction costslt aligns with Park and Don-Hyun
(2025), who stress that the IVOL anomaly depends, to some extent, on beta selection and
portfolio implementation costs rather than on the true valuation of volatility.

In addition to the aspects discussed above, the IVOL anomaly may be shaped by the
methodology employed. To prove it, Bali & Cakici (2008) question the robustness and
significance of the negative relationship between IVOL and expected returns for the main US
stock markets, showing that the results depend on parameters used in both IVOL and
average return calculations, such as data frequency or stock selection. Similarly, Malkiel &
Xu (2004) emphasize the role of the risk measure applied. Consistently, Bali et al. (2005)
conclude that the IVOL puzzle is driven by the equity variance weighting scheme, the liquidity
premium, and company size, and that it only holds for small caps traded on NASDAQ. By
contrast, Hou and Loh (2016) develop a model that includes investors’ preferences for
abnormal returns, various market frictions, average variance beta, uncertainty, and earnings
surprises. Authors demonstrate that, taken together, these factors explain no more than 10%
of the IVOL anomaly, leaving a large unresolved component. Coqueret and Perignon (2026)
show that resampling affects statistical significance because reducing correlations among
methodological paths lowers the variance of the average effect estimator. In this context, the
appraisal of the IVOL'’s significance may change.

Alternatively, Gempesaw et al. (2021) show that the IVOL anomaly can be reduced due to risk
diversification. In US markets, they show that when IVOL is substituted for the omitted risk
factor, the relationship between IVOL and returns is negative, but this relationship is no
longer observed in well-diversified portfolios. Simultaneously, authors notice that it is not
only unsystematic risk that is important here, but also systematic risk. They show that adding
certain systematic risk factors to the CAPM model also reduces the anomaly. They measure
IVOL in the CAPM environment and suggest that anomalies can be explained by both
systematic and idiosyncratic risk.

Despite this, a number of concepts have been proposed, trying to explain the IVOL
phenomenon by investors' psychological behavior, according to the cumulative prospect
theory, leading to overestimation of lottery-like tail events (Kahneman & Tversky, 1992),
which causes overestimation of the prices of stocks with outlying positive returns (Barberis
and Huang 2008; Bali et al. 2011) and resulting from it their lower future returns.

Keeping in mind a broad range of empirical explanations underlying the IVOL anomaly in
equity markets, we extend the above lines of research by conducting distinct research
designs based on IVOL estimation, portfolio specification, weighting schemes, and sampling



filters in CEE equity markets, thereby showing the role of design decisions in the process of
IVOL anomaly exploration.

3 Data and methodology

3.1 Data

We use a panel of CEE common stocks with return data and firm characteristics required for
portfolio construction. Our sample comprises more than 1,000 stocks from 2001 through
November 2025. The sample is alighed to a monthly rebalancing frequency. We excluded
financial, real estate, government-related, academic and educational services and
observations with null sector classifications. At the observation level, non-positive prices
and market capitalization are treated as missing values. To avoid look-ahead bias, all sorting
signals are lagged so that portfolio formation at time t uses only information available at or
beforetimet — 1.

3.2 Methodology

3.2.1 Decision nodes

Researchers inevitably make a sequence of implementation choices when constructing
portfolio sorts, and many of these choices are not uniquely determined by theory or by a
single accepted convention. Following the operations research perspective adopted in the
non-standard errors literature, we label each such choice a decision node. Each decision
node offers two or more plausible branches, and once a branch is selected, the analysis
proceeds through subsequent nodes until it reaches a terminal node. A terminal node
corresponds to one fully specified empiricalimplementation, which we refer to as aresearch
design. We have divided the decision nodes into four broad categories, each containing
several decision nodes. The first category is IVOL construction, i.e., the model used to
estimate IVOL, the estimation window, and the minimum number of observations required
for estimation. The second category is sample filters, i.e., the minimum market size,
minimum stock age, and minimum closing price required for inclusion in the sample. The
third category is portfolio implementation, i.e., the number of portfolios, portfolio type, the
minimum number of stocks required per portfolio, and the number of portfolios when using
the bivariate portfolio formation methodology and dropping small-cap stocks at breakpoints.
Lastly, we have two decision nodes for weighting and caps winsorization: equal weighting,
value weighting, and value-weighted cap, which is further subdivided into winsorization at
the 80" and 90" percentiles.

3.2.2 Estimatingidiosyncratic volatility (IVOL)

Table 1 shows that prior IVOL studies differ in several implementation choices, including
return frequency, estimation window, minimum-observation requirement, and the factor
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model used to estimate residual returns. Following this literature, the first IVOL construction
decision node concerns the factor model used to define IVOL. We estimate IVOL from rolling
time-series regressions of individual stock excess returns on common risk factors.

For the CAPM specification, we estimate:

Tit = a; + :Bi,M(RMt — Rfy) + e (1)

For the FF3* specification, we estimate:

rie = a;+ BYSTMKT, + BB SMB, + BIMEHML, + e, (2)

In the above equations, r; , denotes the excess return of stock i at time t, measured as the
stock return minus the risk-free rate. RM; — Rf; is the market excess return used in the CAPM
specification. In the FF3 specification, MKT; denotes the market excess return, SMB, is the
size factor, defined as the return differential between small stock and big stock portfolios,
and HML, is the value factor, defined as the return differential between high book-to-market
and low book-to-market portfolios. IVOL is calculated as the standard deviation of these
residuals within each rolling estimation window.

4SMB and HML are constructed using Fama and French (1993) methodology.



Table 1. Construction of Idiosyncratic Volatility (IVOL) Across Studies.

This table summarizes how prior papers compute IVOL, reporting the return data frequency (daily vs. monthly),

the estimation window, minimum-observation required and the model used for estimation.

Paper Data Window Minimum obs. Factor model
frequency
Ang et al. (2006) Daily Within month 17 daily obs. FF3
(1) Daily: Within
Bali & Cakici (2008) Daily and month; 4 months CAPM and FF3
Monthly (2) Monthly: past 60
months
Ang et al. (2009) Daily Within month Regional FF3
Bhootra & Hur (2015) Daily Within month FF3
,(’A2b001u$?mer & Kryzanowski Daily Within month (Clagrg%rt 4-factor
Hou & Loh (2016) Daily Within month 10 and 15 dailyobs.  FF3
Should not have
Herskovic, Kelly, Lustig & Van missing value in a Market and FF3
Nieuwerburgh (2016) Daily 1year daily obs vyear model
Chicherneaetal. (2018) Daily Within month 215 FF3
Ali et al. (2020) Daily Within month CAPM and FF3
Chen, Jiang, Xu & Yao (2020) Daily Within month 215 FF3
Cao, Chordia & Zhan (2021) Daily Withinmontn -/ dalyobs.and 15 .
obs. for robustness
(1) Daily: Within
. Daily and month; (1) Daily 215;
Barinov (2023) Monihly (2) Monthly: past 60 52; Monx'ihly 224 FF3
months
(1) Daily: Within
Daily and month; (1) Daily 215;
Poonetal. (2022) Mon{hly (2) Monthly: past 60 Ezg Monihly > 36 FF3
months
Six-factor model =
. . FF5(2015) + UMD
Bali & Weigert (2024) Monthly 36 months morr(1entur)n (Carhart
1997)
Goh & Kim (2024) Daily 252 65 CAPM

3.2.3 Window length

The second IVOL construction decision node is the length of the estimation window over

which the factor model is fit, and residuals are collected. Window length governs a bias-

variance tradeoff. Shorter windows are more responsive to recent changes in a firm’s risk

profile but can yield noisier residual volatility estimates, whereas longer windows smooth

transitory variation but may be less representative if risk exposures are evolving. We

implement multiple window choices that map directly to common practice in the literature



and to the frequency of the underlying returns. For daily estimates, we consider the periods
within 1 month, 6 months, and 12 months of the daily observations. For monthly estimations,
we use a 60-month window of monthly returns, which corresponds to a long-horizon
specification frequently adopted by Bali et al. (2008). These alternatives allow us to assess
whether the IVOL effect and its statistical properties depend on the horizon over which
idiosyncratic risk is measured.

3.2.4 Minimum Observations

The third IVOL construction decision node is the minimum number of observations required
within a window to compute IVOL. Imposing a minimum-observation rule mitigates
measurement error from sparsely populated windows and ensures that IVOL is based on a
sufficiently informative sample of residuals, but stricter requirements can shorten the
effective panel and disproportionately exclude younger or less liquid firms. In our daily
implementations, we consider minimum-observation thresholds of 15, 17 days within a
month, and a 50% window for 6- and 12-month daily observations. In our monthly
implementations, we impose minimum thresholds of 24 and 36 months of observations. By
varying these thresholds, we directly examine how sensitive IVOL estimates are to the trade-
off between retaining stock coverage and enforcing estimation precision.

3.2.5 Minimum Age

Newly listed stocks often have short, discontinuous return histories, elevated volatility, and
greater exposure to microstructure effects, and they may exit the sample quickly due to
delisting or corporate events. We therefore treat the minimum age as a decision node and
require that a stock has been listed for at least a specified minimum period before it becomes
eligible for inclusion in the sample. In the design spectrum, we consider three alternative
minimum-age requirements: no restriction, a minimum age of 1 year, and a minimum age of
2 years.

3.2.6 Min Market capitalization

Many cross-sectional return patterns are strongest among the smallest firms, yet these firms
are often illiquid and costly to trade; hence, they do not fall within the tradable universe. In
CEE equity markets, where the firm size distribution is typically highly skewed, and
microcaps can be thinly traded, including very small stocks may inflate measured return
spreads while reducing economic interpretability. We therefore treat minimum capitalization
as a decision node and consider two alternative approaches: (i) no size filter, which
maximizes coverage and reflects the full listed universe, and (ii) excluding stocks with market
capitalization below a fixed minimum threshold, i.e., 0.1, 0.5, and 1 million market
capitalization. This reduces the influence of microcaps and improves investability, albeit at
the cost of a smaller sample size.



3.2.7 Minimum Share price

Very low-priced stocks (“penny stocks”) are often illiquid, distressed, and subject to large
proportional price moves and trading frictions, which can mechanically amplify anomaly
returns while reducing practical tradability. In CEE markets, where thin trading and
microstructure effects can be more pronounced for low-priced names, the inclusion or
exclusion of penny stocks can materially affect the composition of the investable universe
and the measured IVOL portfolio spreads. We therefore treat the minimum price as a
decision node and consider two alternative choices, i.e., no price filter, which retains the full
universe, and (ii) excluding stocks with a price below a fixed minimum threshold, i.e., $0.1,
$0.2, $0.5, $1.

3.2.8 Drop Small Cap for Breaking points

The smallest stocks can exert disproportionate influence on the estimated breakpoints
despite being illiquid and economically less relevant, which may distort portfolio
assignments and the resulting return spreads. To address this, we introduce a “drop small
cap for breakpoints” rule. Under this procedure, we first exclude the bottom fraction of the
market-capitalization distribution, specifically 0%, 10%, or 20%, when computing the sorting
breakpoints. Importantly, this exclusion is used only for breakpoint estimation; once the
breakpoints are determined, they are applied to the full universe of stocks, including the
previously excluded small-cap names, when assigning securities to portfolios.

3.2.9 Number of portfolios

Sorting stocks into IVOL-ranked portfolios is a standard test for monotonic relationships in
the cross-section of returns, and the return spread between the highest- and lowest-IVOL
portfolios provides a direct measure of the IVOL premium. However, the granularity of the
sort is itself a research choice: using more portfolios can better capture nonlinearities and
sharpen the extreme spread, but it also requires a sufficiently large cross-section and can
become noisy in smaller markets such as those in CEE. We therefore treat the number of
portfolios as a decision node and consider alternative one-way sort granularities,
implementing terciles, quintiles, and deciles portfolios design.

3.2.10 Sort Type

Double sorting extends the standard single-sort framework by examining whether the return
pattern associated with the primary sorting variable persists after conditioning on an
economically important secondary characteristic, most commonly firm size. Because IVOL
can be correlated with size, single-sort spreads may partly reflect size-related effects rather
than an independent IVOL premium. We therefore implement both independent and
dependent double sorts with size as the secondary sorting variable. In dependent double
sorts, we first sort stocks into size portfolios and then sort within each size portfolio into IVOL

8



groups, so that the IVOL comparison is made conditional on firm size. In independent double
sorts, we compute size breakpoints using the full cross-section and assign size groups
independently of IVOL; we compute IVOL breakpoints independently in the same manner,
and then intersect the size and IVOL assignments to form the bivariate portfolios.

3.2.11 Double Sorting Breaking Point

Conditional on performing double sorts, an additional design choice concerns the
granularity of the secondary breakpoints. Using a small number of size groups (e.g., dividing
on the basis of size into two categories based on median) provides a coarse “small vs big”
conditioning set that is feasible even when the cross-section is limited, whereas using finer
breakpoints (e.g., 5) allows a more detailed assessment of whether the IVOL premium is
stable across the size distribution or driven by extreme small or extreme large firms. We
therefore allow two alternative choices for the number of secondary-size portfolios: 2 or 5.

3.2.12 Minimum number of assets

The feasibility and reliability of fine portfolio sorts depend on having sufficient stocks
available on each formation date, especially after applying eligibility screens and IVOL data
requirements. If the cross-section is thin, breakpoint-based sorting can generate portfolios
with very few constituents, making portfolio returns unstable and sensitive to idiosyncratic
movements of individual stocks. We therefore treat the minimum number of stocks as a
separate decision node and require at least a specified minimum number of constituents per
portfolio. In the design spectrum, we allow alternative minimum portfolio size rules (e.g., 1,
5, 10, or 50 stocks).

3.2.13 Weighting Scheme

After assigning stocks to IVOL-sorted portfolios, we must decide how to aggregate individual
stock returns into a single portfolio return. This weighting choice matters because value-
weighted portfolios are typically viewed as more realistic and investable, as they concentrate
on larger, more tradable firms, whereas equal-weighted portfolios place relatively greater
weight on smaller, often less liquid stocks and can therefore deliver different return spreads.
We therefore implement three alternatives: equal-weighted (EW) returns, standard value-
weighted (VW) returns based on market capitalization, and an intermediate capped value-
weighted (Cap-VW) approach that limits dominance by a few very large firms by capping the
upper tail of market-cap weights each month.

3.2.14 Capped value-weighting

This decision node is only applied to the capped-value-weighted scheme. Each month, we
do one-sided winsorize market capitalization in the upper tail, using caps at the 80th and
90th percentiles, so that any market cap above the chosen cutoff is replaced by the cutoff,
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while smaller firms remain unchanged. This yields portfolios that remain investable but is
less mechanically dominated by mega-cap stocks.

Table 2 illustrates each decision node in the research design. Based on the above decision
nodes, we have 518,400 distinct research designs. However, we note that decision nodes are
not necessarily independent: price and size filters can remove overlapping sets of firms
because low-priced stocks are frequently also small-cap, so applying both screens may
partially duplicate their effects on the sample. Furthermore, we included only designs that
ended up with 50% of the initial number of months in the sample. Hence, there were 423,912
feasible designs, and the following analysis is based on these. Figure 1 shows the sequential
decision nodes used to construct alternative IVOL.
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Table 2. Research-design grid and cumulative number of specifications.

This table summarizes alternative research design choices for sample preparation and portfolio construction
used to assess the robustness of IVOL. Panel (a) reports the IVOL construction choices, Panel (b) reports
sample filtering choices, Panel (c) reports portfolio implementation, and Panel (d) reports return weighting

choices.
Design Choices No. of Cumulative
Combinations designs

a). IVOL Estimation
Choices
Data Input Daily, monthly 2 2
Estimation Window IM (1 month of daily data), 6M

(daily obs. of 6 months), 12M, M60

(60 monthly observations) 6 12
Minimum 15D, 17D, 63D, 126D, M24, M36
Observations
b). Sample Filtering
Choices
Minimum age All, 1 year, 2 years 3 36
Minimum market 0, 0.1, 0.5, 1 million

o e . 4 144

capitalization
Minimum share price 0,0.1,0.2,0.5, 1 5 720
¢). Portfolio
Implementation
Choices
Drop §mall cap for 0,0.1,0.2 3 2160
breaking points
Number of portfolios 3,5,10 3 6480
Sort Type Univariate, bivariate independent,

bivariate dependent 5 39400
Controling sorting in 2,5
portfolio
Minimum number of 1,5,10,50 4 129600
assets
d). Weighting Choices
Weighting scheme Equal-, value-, capped-value

weighted
Market Cap 80™, 90 percentile 4 >18400
Winsorized
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Figure 1. Decision-tree representation of the research-design space.

The diagram visualizes the sequential decision nodes used to construct alternative IVOL-based portfolio designs—covering
the IVOL model (CAPM vs FF3), estimation window and minimum observations, sample screens (age, size, price, breakpoint
exclusions), portfolio formation choices (number of portfolios, sort type, controls, minimum assets), and
weighting/winsorization rules. Arrows indicate how each choice branches into subsequent options, generating the full set
of admissible specifications that map into the final portfolio-performance outcomes
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4 Empirical Results

4.1 Model Estimation Choices

The first category is IVOL construction, i.e., the model used to estimate IVOL, the data
frequency, the window, and the minimum observations required for estimation. The H-L
return spread is presented in Figure 2 for the 12 research designs related to IVOL
construction. The results reveal that IVOL spread is positive in almost all specifications, but
its magnitude and dispersion vary strongly with frequency and the estimation window. The
H-L spread for IVOL, calculated from daily data, is higher (i.e., a higher premium) than that
calculated from monthly data. Furthermore, moving from shorter to longer daily windows
tends to slightly lower the center and often changes the distribution's width, i.e., the spread
is higher for IVOL generated from a longer window. The choice of model, i.e., CAPM vs. the
FF3 factor model, has no impact on the H-L spread.
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Figure 2. Distribution of value-weighted H-L mean returns across model and estimation-window specifications.

The figure plots violin densities of the High-minus-Low (H-L) portfolio mean return (value-weighted) for each specification

on the y-axis. Labels indicate the sampling frequency (Daily vs Monthly), factor model (CAPM vs FF3), and the estimation

window/minimum-observations rule (e.g., TM_15). Wider sections of each violin denote a higher concentration of

outcomes. Markers indicate central tendency (x for the mean and ¢ for the median).

Monthly FF3 60_36

Monthly CAPM 60_36

Monthly FF3 60_24

Monthly CAPM 60_24

Daily FF3 12M_126

Daily CAPM 12M_126

Daily FF3 6M_63

Daily CAPM 6M_63

Daily FF3 1M_17

Daily CAPM 1M_17

Daily FF3 1M_15

Daily CAPM 1M_15

-2%

2%
H-L Mean (VW)

4% 6%

Table 3 shows thatthe IVOL H-L spread is economically positive across all specifications, but
its strength depends strongly on the sampling frequency and the IVOL estimation window. In

the daily designs, the man H-L spread is tightly clustered around 1.17-1.33 and

monotonically decreases as the window length increases. The spread is positive in almost

all simulations (roughly 97-99% of designs have H-L> 0). Statistical significance is also

frequent for daily specifications, around two-thirds to more than four-fifths of the designs
generate a significant H-L spread at the 5% significance level. By contrast, monthly
specifications produce substantially smaller spread means, roughly 0.52 to 0.65, with a
noticeably smaller fraction of designs (about 26% to 36%) generating positive H-L spreads at

the 5% significance level.
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Table 3. Summary statistics for the value-weighted H-L portfolio across specifications.

The table reports, for each model/window design, the mean and median H-L return, the fraction of simulations
with H-L > 0, the share of statistically significant outcomes (at 5% level of significance), and the Sharpe ratio.

Mean Return

Sharp
Model Mean Median % H-L>0 % of **

Ratio
Daily CAPM 1M_15 1.33 1.20 98.99 84.27 0.78
Daily FF3 1M_15 1.28 1.20 98.78 83.04 0.77
Daily CAPM 1M_17 1.33 1.20 98.95 84.15 0.77
Daily FF3 1M_17 1.28 1.20 98.77 83.00 0.77
Daily CAPM 6M_63 1.28 1.20 98.45 70.78 0.70
Daily FF3 6M_63 1.27 1.10 98.07 71.00 0.70
Daily CAPM 12M_126 1.18 1.10 97.41 66.20 0.67
Daily FF3 12M_126 1.17 1.10 97.33 66.00 0.67
Monthly CAPM 60_24 0.65 0.60 83.52 36.10 0.44
Monthly FF3 60_24 0.61 0.50 81.66 35.47 0.42
Monthly CAPM 60_36 0.54 0.40 80.45 26.57 0.36
Monthly FF3 60_36 0.52 0.40 78.34 26.74 0.35

Figure 3 shows how the estimated value-weighted H-L abnormal performance varies once
returns are risk-adjusted using factor models. In panel A (CAPM), the distributions are
generally towards the right of zero across both daily and monthly specifications, suggesting
that the IVOL H-L spread retains a positive alpha when only the market risk factor is
controlled for. In contrast, the FF3 model (panel B) is more tightly centered on zero and often
overlaps it, suggesting that, after adjusting for FF3, the risk-adjusted return is close to zero.
This suggests that the IVOL premium is less robust to riskier risk adjustments.

Table 4 confirms that the abnormal performance of the value H-L portfolio is highly sensitive
to the risk adjustment model and the sampling design. Under the CAPM, daily specifications
produce clearly positive alphas. Alpha is positive in roughly 88% to 91% of research designs.
However, statistical significance is only moderate, with about 38% to 47% research designs
producing significant alpha. In cases where IVOL is estimated using monthly returns, CAPM
alphas are small and often near zero, with the share of positive alphas dropping to roughly
45% to 57%, generating alphas greater than zero that are significant in only 19 to 21% of the
designs. Similarly, mean FF3 alphas are typically around 0.09 to 0.25; the fraction of alphas
greater than 0 falls to roughly 52% to 64%; and only about one quarter of simulations are
significant for IVOL construction using daily data. While FF3 alphas become negative on
average, alpha is positive in only about 24% to 33% of simulations. Overall, the table implies
that the apparent IVOL alpha H-L portfolios are largely a CAPM phenomenon and become
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weak or even negative once size and value exposures are accounted for, especially at the
monthly frequency.

16



Figure 3. Distribution of value-weighted H-L alphas across factor models and estimation-window specifications.

The figure reports violin plots of the value-weighted High-minus-Low (H-L) portfolio alpha estimated under alternative factor models and rolling-window

choices. Panel A shows alphas from the CAPM, while Panel B shows alphas from the Fama-French three-factor (FF3) model. The y-axis lists each

specification by sampling frequency (Daily vs Monthly), factor model label, and the rolling estimation window/minimum-observations rule. Violin widths
reflect the density of estimated alphas, highlighting dispersion and tail behavior across designs. Markers indicate central tendency (x for the mean and e
for the median).
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Table 4. Model Alphas H-L portfolio across specifications.

The table reports, for each model/window design, the mean and median alpha for H-L returns using the CAPM
and FF3 factor models, the fraction of simulations with alpha > 0, and the share of statistically significant
outcomes (at 5% level of significance).

Capm Alpha FF3 Alpha

Model Mean Median % alpha>0 ?*Of Mean Median % alpha>0 :{)*Of

Daily CAPM 1M_15 0.61 0.50 88.59  46.75 0.13 0.10 53.38 25.37
Daily FF3 1M_15 0.57 0.50 87.73 44.19 0.13 0.10 51.87 25.39
Daily CAPM 1M_17 0.61 0.50 88.56  46.77 0.13 0.10 53.11 25.29
Daily FF3 1M_17 0.57 0.50 87.69 4437 0.13 0.10 51.88 25.50
Daily CAPM 6M_63 0.67 0.60 89.04 38.17 0.09 0.10 52.84 2559
Daily FF3 6M_63 0.69 0.60 90.16 411 0.12 0.10 55.28 25.33
Daily CAPM 12M_126 0.71 0.60 90.55 4251 0.23 0.20 63.16 25.34
Daily FF3 12M_126 0.73 0.60 91.11 4534  0.25 0.20 64.05 25.66
Monthly CAPM 60_24 0.22 0.10 57.22 2152 -0.11 -0.20 3290 37.85
Monthly FF3 60_24 0.21 0.10 55.48 2222 -0.10 -0.20 33.34 3864
Monthly CAPM 60_36 0.11 0.00 4566 19.72  -0.28 -0.40 23.90 45.40
Monthly FF3 60_36 0.11 0.00 45.18 2135 -0.27 -0.40 2431 46.30

Table 5 summarizes the sensitivity of the H-L return to individual research design decisions.
The most consequential choice is the data frequency: using daily data yields a much larger,
more reliably positive spread, i.e., a mean of 1.27 with a 98% design, producing an H-L spread
of greater than zero. In the monthly specification, a much weaker H-L spread is observed, i.e.,
a mean of 0.58, with 81% of designs producing an H-L spread greater than zero. Within the
daily framework, shortening the window size tends to increase the return and significance of
the outcome. Screening and portfolio construction choices materially shape the magnitude
of the premium. Dropping small stocks earlier, before breaking points, and calculating the
spread more aggressively reduces the H-L spread from 1.22 to 0.89, indicating that the
spread is partially concentrated among small stocks. Weighing schemes generate especially
large differences: equal weighing delivers the strongest performance, while value weighing
produces a much smaller spread, and the capped value-weighted sits in between. Additional
robustness checks show that winsorizing market capitalization, increasing the number of
portfolios, and imposing stricter size/price/assets filters generally compress the spread and
reduce statistical significance, suggesting that the IVOL H-L premium is strongest when the
sample includes more marginal, smaller, and lower-priced firms. Finally, moving from
univariate sorting to bivariate dependent sorting and adding controls tends to improve
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performance metrics and significance rates, while restrictions based on firm age have
comparatively minor effects.

Table 5. Mean-return robustness across research-design choices.

The table summarizes the H-L portfolio mean and median returns, the fraction of cases with H-L > 0, the share
of statistically significant results (at 5% level of significance), and the Sharpe ratio for alternative design
settings. Each row reports the outcome when varying one design dimension while holding the remaining setup
fixed.

Research Desings Mean Median % H-L>0 % of ** Sharp Ratio
Data Input: Daily 1.27 1.20 98.34 76.06 0.73
Data Input: Monthly 0.58 0.50 81.02 31.30 0.39
Window: 1M 1.31 1.20 98.87 83.62 0.77
Window: 6M 1.28 1.20 98.26 70.89 0.70
Window: 12M 1.17 1.10 97.37 66.10 0.67
Window: M60 0.58 0.50 81.02 31.30 0.39
Min obs: 15 1.31 1.20 98.88 83.66 0.77
Min obs: 17 1.30 1.20 98.86 83.58 0.77
Min obs: 63 1.28 1.20 98.26 70.89 0.70
Min obs: 126 1.17 1.10 97.37 66.10 0.67
Min obs: M24 0.63 0.50 82.59 35.79 0.43
Min obs: M36 0.53 0.40 79.40 26.65 0.35
Drop small AT: None 1.22 1.20 94.49 67.24 0.69
Drop small AT: 0.1 1.02 1.00 92.29 60.34 0.61
Drop small AT: 0.2 0.89 0.90 91.24 56.62 0.56
Weights: Equal-weighted 1.69 1.60 99.50 88.79 1.01
Weights: Value-weighted 0.79 0.80 88.49 47.52 0.45
Weights: VW-Cap 0.85 0.90 91.35 54.65 0.50
Mktcap winsorize: None 1.24 1.10 94.00 68.15 0.73
Mktcap winsorize: 80% 0.89 0.90 92.40 57.21 0.53
Mktcap winsorize: 90% 0.81 0.80 90.29 52.09 0.48
Portfolios: 3 0.80 0.80 92.46 62.18 0.64
Portfolios: 5 1.04 1.00 92.39 61.77 0.62
Portfolios: 10 1.34 1.30 93.27 59.98 0.58
Cap: 0 1.16 1.10 93.66 65.49 0.67
Cap: >50.1m 1.12 1.00 93.46 64.11 0.66
Cap: >50.5m 1.01 1.00 92.61 60.60 0.61
Cap: >51m 0.88 0.80 90.91 55.23 0.53
Price: >50 0.56 0.50 78.75 32.81 0.34
Price: >50.10 1.05 1.00 94.16 58.83 0.61
Price: >50.20 1.05 1.00 94.50 65.33 0.63
Price: >50.50 1.29 1.20 97.98 77.20 0.77
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Price: >51 1.30 1.20 99.16 75.73 0.77

Assets: >1 1.15 1.10 94.81 66.93 0.65
Assets: >10 1.09 1.00 94.35 64.39 0.63
Assets: >20 0.99 0.90 92.40 59.08 0.61
Assets: >50 0.73 0.60 82.42 43.08 0.52
Sorting: Univariate 1.01 0.80 82.41 46.10 0.55
Sorting: Bivariate independent 0.99 0.90 94.03 58.99 0.55
Sorting: Bivariate dependent 1.12 1.10 97.54 73.09 0.73
Controls: None 1.01 0.80 82.41 46.10 0.55
Controls: 2 1.05 1.00 95.09 64.37 0.63
Controls: 5 1.05 1.00 96.65 68.11 0.65
Age: All 1.06 1.00 92.74 61.84 0.62
Age: >1 year 1.06 1.00 92.70 62.12 0.63
Age: >2 years 1.01 1.00 92.58 60.23 0.61

Table 6 examines alpha robustness as one research design dimension is varied at a time and
reports results separately for the CAPM and the FF3 factor model. The result reveals that
CAPM alphas are generally positive, especially in daily implementation. In the monthly
implementation, the return weakens. Once the FF3 modelis introduced, the picture changes
substantially. The FF3 alpha is much smaller and often near zero or negative. For daily data,
the mean FF3 alphais positive, and roughly 50% of cases are significant, whereas for monthly
data, the return is negative and only 28% of cases are significant. Across design dimensions,
several choices materially shift the alpha distribution. In contrast to the returns in Table 5,
the alpha increases with window size in daily data, and the % H-L greater than zero also
increases in both the CAPM and FF3 alpha. Sample screening also matters, such as dropping
small stocks. The construction of returns is especially influential, i.e., equal-weighted
portfolios produce the strongest alphas, whereas value-weighted and capped value-
weighted implementations yield much weaker CAPM and FF3 alphas. Similarly, market-cap
winsorization tends to compress CAPM alpha and makes FF3 alpha more negative. Overall,
this table suggests that abnormal performance is more robust under CAPM than under FF3
and that robustness is highly sensitive to portfolio construction and sample inclusion
decisions, with the strongest alphas arising in settings that place more weight on small
stocks.

Table 6. Mean-return robustness across research-design choices.

The table summarizes the H-L portfolio mean and median returns, the fraction of cases with H-L > 0, the share
of statistically significant results (at 5% level of significance), and the Sharpe ratio for alternative design
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settings. Each row reports the outcome when varying one design dimension while holding the remaining setup
fixed.

Capm Alpha FF3 Alpha

Mean Median %H-L>0 % of ** Mean Median %H-L>0 % of **
Data Input: Daily 0.65 0.60 89.18 43.65 0.15 0.10 55.70 25.43
Data Input: Monthly 0.16 0.10 50.97 21.21 -0.19 -0.30 28.69 41.98
Window: 1M 0.59 0.50 88.14 45.52 0.13 0.10 52.56 25.39
Window: 6M 0.68 0.60 89.60 39.63 0.10 0.10 54.06 25.46
Window: 12M 0.72 0.60 90.83 43.92 0.24 0.20 63.60 25.50
Window: M60 0.16 0.10 50.97 21.21 -0.19 -0.30 28.69 41.98
Min obs: 15 0.59 0.50 88.16 45.47 0.13 0.10 52.63 25.38
Min obs: 17 0.59 0.50 88.12 45.57 0.13 0.10 52.49 25.39
Min obs: 63 0.68 0.60 89.60 39.63 0.10 0.10 54.06 25.46
Min obs: 126 0.72 0.60 90.83 43.92 0.24 0.20 63.60 25.50
Min obs: M24 0.22 0.10 56.35 21.87 -0.11 -0.20 33.12 38.24
Min obs: M36 0.11 0.00 4542 20.53 -0.27 -0.40 24.10 45.85
Drop small AT: None 0.65 0.60 83.78 44.40 0.19 0.20 57.07 3331
Drop small AT: 0.1 0.47 0.40 76.28 36.07 0.02 0.00 47.78 29.00
Drop small AT: 0.2 0.34 0.30 69.96 28.44 -0.10 -0.10 35.71 30.25
Weights: Equal-weighted 1.07 1.00 94.03 72.88 0.66 0.60 79.56 57.02
Weights: Value-weighted 0.33 0.40 73.23  21.07 -0.12 -0.10 39.51 16.86
Weights: VW-Cap 0.27 0.30 69.71 25.63 -0.19 -0.10 34.17 24.77
Mktcap winsorize: None 0.70 0.60 83.63 46.98 0.27 0.20 59.54 36.94
Mktcap winsorize: 80% 0.30 0.30 72.06 27.62 -0.18 -0.10 35,55 25.34
Mktcap winsorize: 90% 0.24 0.30 67.36 23.64 -0.21 -0.20 32.79 24.19
Portfolios: 3 0.37 0.30 76.27 38.36 -0.01 0.00 42.58 34.46
Portfolios: 5 0.48 0.50 76.07 36.65 0.04 0.00 47.49 30.87
Portfolios: 10 0.65 0.60 77.89 33.30 0.10 0.10 51.48 26.28
Cap: 0 0.59 0.50 80.57 41.19 0.17 0.10 53.92 32.93
Cap: >50.1m 0.57 0.50 79.57 39.68 0.13 0.10 51.94 32.05
Cap: >50.5m 0.46 0.40 76.09 34.70 0.00 0.00 45.14 29.33
Cap: >S1m 0.33 0.30 70.28 29.45 -0.15 -0.10 36.11 29.04
Price: >50 0.02 0.00 47.75 17.63 -0.57 -0.60 13.27 4294
Price: >50.10 0.50 0.40 78.97 31.06 0.06 0.00 4356 25.43
Price: >50.20 0.50 0.40 80.29 34.07 0.08 0.00 45.67 26.91
Price: >50.50 0.72 0.60 89.66 51.59 0.31 0.20 64.78 30.26
Price: >51 0.73 0.70 89.25 49.58 0.37 0.30 70.70 28.13
Assets: >1 0.56 0.50 81.12 40.42 0.08 0.00 49.68 29.97
Assets: >10 0.52 0.50 79.65 37.55 0.08 0.00 49.57 29.52
Assets: >20 0.46 0.40 75.56 33.78 0.03 0.00 46.78 30.68
Assets: >50 0.26 0.10 58.27 27.59 -0.16  -0.20 31.11 37.68
Sorting: Univariate 0.58 0.40 68.78 33.92 0.04 -0.20 40.30 39.40
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Sorting: Bivariate independent
Sorting: Bivariate dependent
Controls: None

Controls: 2

Controls: 5

Age: All

Age: >1 year

Age: >2 years

0.38
0.54
0.58
0.48
0.44
0.50
0.51
0.45

0.40
0.50
0.40
0.40
0.40
0.40
0.50
0.40

74.01
84.11
68.78
79.37
78.69
77.07
77.29
75.64

28.03
46.03
33.92
36.76
37.36
36.49
38.82
33.57

-0.08
0.16
0.04
0.03
0.05
0.07
0.04
0.00

-0.10
0.10
-0.20
0.00
0.10
0.00
0.00
0.00

40.74
56.94
40.30
47.42
50.60
48.93
47.55
44.04

23.77
32.75
39.40
27.86
28.75
31.29
31.17
30.08
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4.2 Standard Error VS Non-Standard Error

Once we have summarized the baseline results, we now turn to quantify the uncertainty in a
way that separates the sampling noise within a given design, i.e., the standard error (within-
design variation), from variation introduced by different research designs, i.e., the non-
standard error (across-design variation). Our methodology is closely related to Menkveld et
al. (2021) and Soebhag et al. (2022). Firstly, we compute the standard error as a within-design
measure: for each design, we generate 1000 block bootstrap samples and take the standard
deviation of these bootstrap samples. The reported SE is the average of these bootstrapped
standard deviations across all designs. Whereas the non-standardized error (NSE) is
intended to capture design uncertainty and is measured as the standard deviation of the
statistic across the entire grid of research design choices. To gauge the relative importance
of these to sources of uncertainties, we report the N/S ratio, i.e., NSE divided by SE. The larger
the value of N/S, the more itindicates that differences across design choices contribute more
to overall uncertainty than within-design variations.

Figure 4 compares the average uncertainty of the H-L estimates using SE and NSE. A clear,
consistent pattern is that NSE is larger than SE across all IVOL estimation methods. The gap
between NSE and SE is especially pronounced in the daily specification, where both the error
measures are higher overall than in the monthly design, suggesting greater noise in daily
implementation. Even within daily estimation, the longer-horizon estimation is prone to
greater SE and NSE errors. The difference between CAPM and FF3 under the same frequency
and window specifications is negligible, suggesting that model choice has less impact than
the window and frequency specifications.
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Figure 4. Standard errors by model and window specification.

The plot compares average standard errors (SE) and non-standard errors (NSE) for the value-weighted H-L
estimate across the listed monthly and daily CAPM/FF3 rolling-window designs.
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Table 5 also shows that NSE exceeds SE across all IVOL estimation specifications. For
returns, SE is fairly stable and only slightly higher in longer daily estimation windows, and a
similar pattern holds for the Sharpe ratio. However, if we look at the ratio of NSE vs SE, i.e.,
N/S, we observe that the N/S is lower for the longer daily specification, suggesting that once
the SE has been catered for, the remaining dispersion (NSE) is not as large compared to
within design uncertainty, i.e., results are more stable across research designs in a longer
window. Overall, this table implies that relying on conventional SE can materially

24



underestimate the uncertainty, and that inference becomes substantially more conservative
once design variations are incorporated via NSE.
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Table 5. Standard errors versus non-standard errors across models.
For each model/window specification, the table reports the conventional standard error (SE) and the non-
standard error (NSE) for the H-L mean return and Sharpe ratio, along with the inflation factor NSE/SE.

Model Return Sharp Ratio

SE NSE NSE/SE SE NSE NSE/SE
Daily CAPM 1M_15 0.41 0.68 1.65 0.21 0.33 1.63
Daily FF3 1M _15 0.41 0.67 1.65 0.21 0.34 1.61
Daily CAPM 1M_17 0.41 0.68 1.65 0.20 0.33 1.63
Daily FF3 1M _17 0.41 0.67 1.65 0.21 0.34 1.62
Daily CAPM 6M_63 0.50 0.72 1.44 0.22 0.37 1.68
Daily FF3 6M_63 0.50 0.73 1.47 0.22 0.37 1.69
Daily CAPM 12M_126 0.48 0.70 1.45 0.22 0.38 1.74
Daily FF3 12M_126 0.48 0.70 1.48 0.22 0.39 1.75
Monthly CAPM 60_24 0.41 0.68 1.65 0.25 0.43 1.69
Monthly FF3 60_24 0.40 0.68 1.73 0.25 0.44 1.75
Monthly CAPM 60_36 0.43 0.64 1.48 0.26 0.40 1.53
Monthly FF3 60_36 0.42 0.65 1.55 0.26 0.41 1.57

Figure 5 decomposes the uncertainty in H-L estimates across individual research designs
dimension by plotting average SE and NSE for each choice. NSE exceeds SE for every design
node, indicating that designing uncertainty adds more dispersion than the conventional
within-design sampling variation. NSE is highest when no control variable is used and when
single sorting is used, suggesting that the results are particularly sensitive to these choices.
In contrast, nodes such as window and minimum observations show a smaller NSE-SE gap.
This suggests that inferences based solely on standard errors can be overly optimistic and
that the credibility of the H-L effect depends more on research design than on sampling
variation.
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Figure 5. Standard errors under alternative research-design choices

Horizontal bars report average standard errors (SE) and non-standard errors (NSE) for the H-L estimate across

design dimensions.
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Table 6 supports the conclusion that specification uncertainty is substantial across
essentially all design dimensions. NSE is consistently larger than SE, and the N/S ratio is
always well above one, suggesting that NSE matters more than SE. Overall, the table implies
that treating conventional SE as the sole uncertainty measure substantially understates the
true fragility of the inference and that a small set of design decisions, especially those related
to sorting and size-related treatments, are the primary drivers of NSE.
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Table 6. Standard errors versus non-standard errors across research designs.

The table reports conventional SE, NSE, and the inflation ratio NSE/SE for the H-L mean return and the Sharpe
ratio as key design dimensions vary.

Research Design Return Sharp Ratio

SE NSE NSE/SE SE NSE NSE/SE
Data Input: Daily 0.45 0.70 1.55 0.21 0.36 1.69
Data Input: Monthly 0.41 0.67 1.61 0.26 0.42 1.64
Window: 1M 0.41 0.68 1.65 0.21 0.34 1.62
Window: 6M 0.50 0.73 1.46 0.22 0.37 1.69
Window: 12M 0.48 0.70 1.46 0.22 0.39 1.75
Window: M60 0.41 0.67 1.61 0.26 0.42 1.64
Min obs: 15 0.41 0.68 1.65 0.21 0.34 1.62
Min obs: 17 0.41 0.68 1.65 0.21 0.34 1.62
Min obs: 63 0.50 0.73 1.46 0.22 0.37 1.69
Min obs: 126 0.48 0.70 1.46 0.22 0.39 1.75
Min obs: M24 0.40 0.68 1.69 0.25 0.44 1.72
Min obs: M36 0.43 0.65 1.52 0.26 0.41 1.55
Drop small AT: None 0.47 0.80 1.70 0.23 0.42 1.84
Drop small AT: 0.1 0.43 0.74 1.71 0.23 0.41 1.81
Drop small AT: 0.2 0.41 0.69 1.69 0.23 0.40 1.75
Weights: Equal-weighted 0.44 0.82 1.87 0.22 0.39 1.81
Weights: Value-weighted 0.46 0.62 1.36 0.24 0.34 1.39
Weights: VW-Cap 0.43 0.59 1.37 0.23 0.32 1.42
Mktcap winsorize: None 045 0.86 1.91 0.23 0.46 2.02
Mktcap winsorize: 80% 0.43 0.57 1.35 0.23 0.31 1.38
Mktcap winsorize: 90% 0.43 0.59 1.38 0.23 0.33 1.44
Portfolios: 3 0.33 0.56 1.69 0.23 0.42 1.81
Portfolios: 5 0.44 0.72 1.64 0.23 0.42 1.81
Portfolios: 10 0.58 0091 1.57 0.22 0.39 1.81
Cap: 0 0.45 0381 1.78 0.23 0.43 1.89
Cap: >50.1m 0.45 0.80 1.79 0.23 0.43 1.88
Cap: >50.5m 0.43 0.73 1.69 0.23 0.40 1.77
Cap: >51m 0.42 0.66 1.56 0.23 0.37 1.63
Price: >0 0.46 0.66 1.45 0.25 0.38 1.53
Price: >50.10 0.46 0.73 1.61 0.23 0.39 1.69
Price: >50.20 0.41 0.70 1.72 0.22 0.40 1.80
Price: >50.50 0.42 0.73 1.73 0.21 0.38 1.79
Price: >S1 0.45 0.71 1.59 0.22 0.36 1.59
Assets: >1 0.44 0.75 1.71 0.22 0.38 1.76
Assets: >10 0.44 0.72 1.64 0.22 0.39 1.73
Assets: >20 0.44 0.73 1.67 0.23 0.41 1.76
Assets: >50 0.42 0.85 2.00 0.26 0.54 2.11
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Sorting: Univariate

Sorting: Bivariate independent
Sorting: Bivariate dependent
Controls: None

Controls: 2

Controls: 5

Age: All

Age: >1 year

Age: >2 years

0.49
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0.39
0.49
0.43
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0.44
0.44
0.44

1.09
0.63
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1.09
0.65
0.58
0.77
0.77
0.74

2.25
1.39
1.55
2.25
1.52
1.40
1.75
1.75
1.69

0.23
0.23
0.22
0.23
0.23
0.23
0.23
0.23
0.23

0.59
0.31
0.34
0.59
0.35
0.32
0.41
0.42
0.41

2.53
1.36
1.53
2.53
1.56
1.43
1.83
1.83
1.78
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5 Conclusions

In this paper, we contributed to the literature on the relationship between idiosyncratic
volatility and future returns. Specifically, we analyzed the robustness of the IVOL anomaly in
CEE stock markets by conducting a multiverse-style sensitivity analysis of plausible
empirical model design choices. Our analysis yielded two main insights: First, we showed
that the magnitude and statistical significance of the IVOL premium are highly sensitive to
routine design decisions. In particular, working with daily instead of monthly data, using
equal-weighted instead of value-weighted portfolios and using more granular portfolio sorts
produced the largest high-minus-low IVOL return spreads. Second, we showed that
conventional t-statistics tend to overstate the precision of model specifications, while using
non-standard errors yields substantially more conservative estimates of model parameter
uncertainty.

Our results are interesting for policymakers, supervisors, investors and other market
participants alike. Overall, they suggest that implied volatility in CEE stock markets should
be treated as a single risk factor yielding a clear trading signal. Rather, it seems to reflect a
mixture of genuine risk differences and empirical model design choices. On the one hand,
this underscores the need for further research into the distinct determinants of IVOL, for
instance involving alternative risk-adjustment models (such as the Fama & French (2015)
five-factor model), and respective comparisons with other developed and emerging markets.
On the other hand, our study highlights the necessity of transparent reporting of modeling
choices and of conducting multiverse-style robustness tests that account for alternative
plausible model designs.
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