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Hop C. M.

KaHOugaT eKOHOMIYHUX HayK, AoueHT, Manansincekuin yHisepcuteT TepeHrraHy, Kyana Hepyc, Manansis;
OOCHIOAHVK rpaHTy a5 ichaMCbKnX y4eHuX y ranysi ¢piHaHcie RHB;

HayKoBMI CNiBPOBITHUK, IHCTUTYT CTpaTeriYyHNX eKOHOMIYHUX O0CHiOXEHb,

YHiBepcuTeT BikTopis, MenbbypH, ABCTpanis

3agasi H. X. M.

KaHAMAaT eKOHOMIYHMX HayK, CTapLuuii BUKIaaad,

Manangincekuin yHiBepcuteT TepeHrraHy, Kyana Hepyc, Manansia

Henpomepexesuii nipxia Ao GyHaaMeHTaNnbHOro iHBECTULLIMHOro aHanisy:

npuknag ApiHcbkol POHA0BOT GipXKi

AHoTauiq. Y Ui cTatTi 4OCNIAXKYETLCA NPUOYTKOBICTb IHBECTUL Ha EBPONECLKOMY HOHOOBOMY PUHKY,
O PO3BUBAETLCH, 3 BUKOPUCTAHHAM DYHAAMEHTANBHOIO aHani3dy, NOCUAEHOrO LUTYYHUMU HEAPOHHUMM
Mepexamun. BukopuctoByioun Habip ¢iHaHCcOBUX KoedilieHTIB Ha OCHOBI Oyxrantepcbkoro o6niky i3
3arasibHOOOCTYNHUX AXEPEen AaHWX, MU BUSIBUAN, LLO Ui KOeILIEHTU MICTATb KOPUCHY iHpOpMaLilo ans
NPOrHO3yBaHHS MaMBbyTHLOI NPUOYTKOBOCTI akLii KOMMaHi, Wo KOTMPYTbCA Ha AQiHCbKin HOHOOBIN
Bipxi (ATHEX). KomGiHytoum 00Bri i1 KOpOTKi NpaBuna, HEMPOHHO nocuneHa pyHaamMeHTanbHa cTpareris
nepesepLUye 6€3yMOBHE NPaBuIIo MNOKYMNKN 1 YTPUMaHHS B Nignepios yTpMMaHHs 3 TOYKM 30pY NOKa3HUKIB
NPUOYTKOBOCTI (3aranbHUX Ta PiYHMX) | pU3KNKY (BONATWUSIbHICTb, BONATUNBLHICTb Y BiK 3HMXKEHHS M MPOCiAaHHS).
3aranbHi pe3ynbrati 3aNnLaTbCsa CTabiNbHUMM HABITb NPU HAsABHOCTI TOProBux BUTPAT. Halli pesynstatu
MOKas3ytoTb, WO LiiHX Ha akuii B peuii He MOBHICTIO BK/IOYaAlOTh iHOpMaLLito 3 piHAHCOBOI 3BITHOCTI 1, TakKUM
YMHOM, HECYMICHI 3 MPUHLMNOM PUHKOBOI €(PEKTUBHOCTI B HAMiBBUCOKi GOpPMiI.

KniouoBi cnoBa: pyHaameHTanbsHMiM aHania; giHaHCOoBiI koedilieHTH; HeMPOHHI MepeXxi; nNo3a BUbIPKOLIO;
AdiHcbka poHaoBa Bipxa.
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Hop C. M.

KaHOuOaT 3KOHOMMUYECKMX Hayk, foueHT, Manasunckuim ynusepcuteT TepeHrrany, Kyana Hepyc, Manansus;
NccnenoBartenb rpaHTa Ans UCNaMCcKnx y4eHbix B o6nactu puHaHcos RHB;

Hay4HbI COTPYOHUK, IHCTUTYT CTpaTern4eckmx 3KOHOMU4ECKUX NCCRefoBaHNM,

YHuBepcuteT Buktopus, MenbbypH, ABCTpanms

3aeaeu H. X. M.

KaHOuaaT 3KOHOMMYECKMX HayK, CTapLunii npenogasarens,

Manasuincknin ynnsepcutet TepeHrraHy, Kyana Hepyc, Manansuvsa

HenpoceTteBoii noaxon K pyHaaMmeHTalbHOMY UHBECTULLMOHHOMY aHanu3ay:

npumep AdpuHckoii oHO0BOK OUPXUN

AHHOTaums. B 310l cTatbe nccnenyetcs npuobbIIbHOCTb MHBECTULMIA HA Pa3BMBAIOLLLEMCS €BPOMNENCKOM
GOHOOBOM pbIHKE C MCMNOJIb30BaHMEM GYHOAMEHTANIbHONO aHanm3a, YCWUJIEHHOro WCKYCCTBEHHbLIMU
HEeMpPOHHBLIMU ceTaAMU. Micnonb3ys HAbop PUHAHCOBLIX KOIPDPULIMEHTOB HA OCHOBE DyXranTepcKoro ydeta
13 06LLLEOOCTYMHBLIX NCTOYHUKOB AAHHBIX, Mbl OOHAPYXWAK, YTO 3TK KO3(PPUUNEHTHI COAEPXKAT MNONESHYIO
MHdpopMauMIio Ans NPOrHO3npoBaHUS Oyaylwlen AO0XOOHOCTU akKUMi KOMMAHWA, KOTUPYIOLWMXCS Ha
AduHckoln poHaoBon bupxe (ATHEX). KoMOUHMPYS ANMHHBIE N KOPOTKME NpaBuia, HEMPOHHO YCuUneHHas
dyHOaMeHTanbHas cTparernsa npeBocxoamT 6e3ycnoBHOE NpaBuiIo NOKYMNKU U yaepXaHus B NoAanepuos,
yOEPXAaHUS C TOYKU 3PEHUSA nokasartenen AoOXOOHOCTU (OOLen n rogoBon) U pucka (BOMATUIBHOCTD,
BOJIATUJIBHOCTb B CTOPOHY MOHWXEHUs U npocaaka). O6wme pel3ynbTarbl OCTaloTcs cTabuibHbIMU axe
NpW HaMM4MK TOProebix 3aTpar. Hawwm pesynbraTsl NoKasblBaloT, HTO LeHbl Ha akumu B [peumn He NoSIHOCTLIO
BKJIIOHAIOT MHpOPMaLMIO N3 GUHAHCOBOM OTYETHOCTU U, TaKMM 06pPa30M, HECOBMECTMMbI C MPUHLMMOM
PbIHOYHOW 3P PEKTUBHOCTM B MONYBLICOKOW pOpME.

KnioueBble cnoea: ¢pyHOaMeHTaNbHbIN aHann3; GUHAHCOBbIE KOS(MDULMEHTbI; HENPOHHbIE CETU; BHE
BbIOOPKM; AdprHCcKasa poHaoBas Gupxa.

1. Introduction

Financial market is a vital place for different investing individuals and entities to increase
their wealth. Globally in 2019, over USD 200 billions worth of stocks were traded daily [1], thus
the ability to predict their future prices (or returns) is an important subject and can aid inves-
tors to obtain significant profits. This task, however, proves to be very challenging given the dy-
namic nature, mechanisms and factors surrounding stock prices. Among others, these include
uncertainties about the companies and the economic, social and political conditions. For these
reasons, numerous ways and instruments have been invented by practitioners and academi-
cians to forecast stock prices, and these fall within two categories: fundamental and technical
analysis.

Our study focuses on predicting stock returns of listed companies in Greece using fundamental
indicators enhanced by artificial neural networks. Fundamental analysis focuses on the underlying
aspect of stocks such as financial profile of firms from news and financial statements deemed to
have certain effects on the performance of stock prices [2-3]. The proponents of fundamental
analysis hold the views that the analysis attempts to predict prices by emphasising on uncove-
ring their intrinsic values through financial ratios [4-5]. This technique, however, is relatively less
researched as compared to its counterpart, technical analysis. For example, Nti et al. (2020) [6]
note that less than a quarter of the articles that they review use only fundamental analysis for pre-
dicting stock markets. Sloan (2019) [3] calls for future research on fundamental analysis especial-
ly after a large number of researches find certain financial ratios have relations to future stock re-
turns. As this suggest the much potential of fundamental analysis, he further warns on the over-
simplification of analysis that rely on simple financial ratios and uses unrealistic assumptions [3].
On a similar note, Gepp et al. (2020) [7] highlight on the limitations of traditional approaches that
assume linear relationship between variables.

To address the above issues, many authors argue in support of artificial neural networks as
an effective tool to deal with market volatility, complexity and noisy environments [6, 8]. In fact,
several studies find that such neurally enhanced strategy generates greater returns [9-10]. This
paper attempts to contribute to the literature in this domain. Specifically, we train a neural net-
work in-sample using publicly available financial ratios to predict out-of-sample stock returns for
the constituent firms in ATHEX. For robustness, we use out-of-sample test and explore long-only,
short-only and both rules against the passive buy-and-hold (B&H) investment policy and employ
several performance measurement techniques in the absence and presence of trading costs, in
gauging the efficacy of the fundamental trading strategy.

Our paper proceeds as follows. Section 2 gives a short account of related literature. Purpose is
outlined in Section 3. This is followed by the results in Section 4. Section 5 concludes.
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2. Brief Literature Review

The basic premise of the semi-strong form efficient market hypothesis (EMH) claims that stock
prices at any given time reflect all publicly available information, as posited by Fama (1965, 1970)
[11-12]. This includes financial statement data which is the foundation of fundamental-based in-
vestment strategies. Consequently, the theory asserts that such analysis cannot yield abnormal
returns over the market on a consistent basis. As a result, if such strategy indeed dominates the
B&H rule, the market is said to contradict the EMH at the semi-strong form.

This contention continues to be debated by the researchers where a number of studies do-
cument that fundamental analysis is a good predictor of stock returns [4, 9-10]. In Greece, with
the exception of Alexakis et al. (2010) [13], our observation (using related keywords from Scopus
database) reveals there is no other research focusing on fundamental analysis. Subsequently,
the use of such strategy within the context of machine learning is non-existent. In this regard,
the Greek stock market is thus still underexplored in the literature. And as an emerging European
economy, it may yet offer potential lucrative returns for investors.

3. The purpose of this article is to design and train a neural network using fundamental
indicators to predict future (annual) stock returns in the emerging Greek market, and conse-
quently examine its profitability. Using individual stocks in the ATHEX, we investigate the neural-
ly enhanced trading rules using several performance measures in the blind holdout subperiod.

4. Results

Our whole sample spans 01/07/2010 to 30/06/2020 which is very recent and captures diffe-
rent country-level and global episodes including the recent COVID-19 pandemic. Historical stock
prices and financial ratios are obtained from Morningstar database, which include return on as-
sets (ROA), return on equity (ROE), return on invested capital (ROI), current ratio (CRN), debt to
equity (DEQ) and free cash flows to sales (FCS). Data are then filtered to ensure sufficient time-
series and fundamental information for valid analysis, which results in a total of 79 sample firms.
We further separate the period into two non-overlapping subperiods. The first subsample spans
01/07/2010 to 30/06/2018 (in-sample) which is utilized to train the neural network. The second
subsample (out-of-sample) from 01/06/2018 to 30/06/2020 is used to test the performance of
our fundamental neural network (FANN) trading rule. This data splitting allows us to evaluate if
FANN trained using in-sample data can be employed to yield economically significant returns in
the blind out-of-sample period.

Due to its widespread use, we use the multilayer feedforward neural networks with the back-
propagation algorithm [14]. This allows for comparability and replication of our approach. The
FANN uses logistic sigmoid function as its activation function, while our network architecture is
based on N number of variables (financial ratios) in the input vector with a single hidden layer [15]
of 2N+1 hidden nodes based on Kolmogorov theorem [16], and a single output (1-year stock re-
turns). Figure 1 shows the network architecture of the FANN.

The topology below shows how the six financial ratios are used as inputs to the FANN to build
the fundamental neural network and predict future stock returns. The 1-year forecasting length
or annual returns used for fundamental analysis is consistent with prior literature such as [9] and
practice i.e. audited financial statements are often available on a yearly basis. Recall that we train
the network using the in-sample period. The network learns by comparing the differences bet-
ween its predicted and actual returns on the basis of the mean squared error (MSE) and adjus-
ting the weights through the momentum and training factors. This training progress is depicted
in Figure 2.

The network stops learning when there is no further improvement in its MSE for consecutive
1,000 epochs to avoid overfitting and to preserve its generalisation ability. Accordingly, FANN runs
for 15,422 epochs and as exhibited in Figure 2, its final MSE in predicting 1-year stock returns is
lower than 0.0013. By using the in-sample trained network, we form the appropriate entry (exit)
rules for out-of-sample forecasting by distinguishing the boundary between positive and negative
average outputs to emit buying and selling signals.

In practice, retail investors (and even institutional ones) have limited capital, so it is unrealis-
tic to assume that they can buy any stock without any budget constraint whenever undervaluation
is detected. As such, to execute practical trading simulation, we consider a EUR 100,000 portfo-
lio fund. Because trading costs play an important part for earning returns especially in the context

Nor, S. M., & Zawawi, N. H. M. / Economic Annals-XXI, 182(3-4), 56-63

58



ECONOMIC ANNALS-XXI
FINANCES AND AUDIT

of active investments, we investigate the capability of FANN with and without a 2% round-trip fee
to see if returns dissipate significantly in the economic sense. Furthermore, long only (FANN-L)
and short only (FANN-S) strategies are also investigated. Note that FANN comprises both long
and short investment rules. Finally, consistent with literature in this field, the passive buy-and-hold
(B&H) strategy is used as benchmark as it signifies the best policy under the assumption that the
market is information efficient.

Table 1 shows the trading performance (without any fees) for FANN, FANN-L, FANN-S and B&H
during the out-of-sample period. Briefly stated, fundamental trading strategy enhanced using

Note: The figure shows the network topology for FANN with 6 inputs (financial ratios), 13 hidden nodes in
a single hidden layer and 1 output (annual stock returns). Colour differences in the lines indicate positive
(blue) and negative (red) weights and are provided for illustration purpose.

Figure 1:
FANN architecture
Source: Analysed by the authors

Note: The figure shows neural network training for the FANN.
The y-axis indicates MSE % 1,000 while x-axis denotes the epochs.

Figure 2:
FANN training performance
Source: Analysed by the authors
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neural network earn highest returns and annualized returns (EUR 13,648.07 and 6.62%, respec-
tively), as well as better i.e. lower maximum drawdown (less than a third of B&H) and coefficient of
variation. Yet it is important to stress that such performance comes from capitalising on both up-
ward and downward directions of the market. For example, both long-only and short-only rules
(i.e. FANN-L and FANN-S) underperform the B&H. However, more than 70% of the trades sig-
nalled by the FANN-S produce profitable outcomes and it gives the highest average returns when
the network predicts that stock prices are falling.

To see if our results hold in the presence of trading costs, we consider round-trip (buy and
sell) fees where the results are displayed in Table 2. Even with costs, the performance is similar.
FANN earns highest returns (EUR 11,018.19) and annualized returns (5.38%), coupled with lower
maximum drawdown (-9.25%) and coefficient of variation (1.4493). In short, FANN produces the
best profit measures, lowest peak to valley decline and lowest variability against returns as com-
pared to the benchmark B&H policy and the long-only and short-only rules. Evidently, the returns
are smaller because buy and sell transactions are subject to fees. Regardless, like the no-fees si-
mulation, their outperformance as compared to the B&H policy is attributed to capturing both long
and short investment potentials.

As can be seen from the results on machine learning-based fundamental trading rule, the
long-only, short-only and strategy using both long and short signals earn better returns (and
lower risks) when compared to the passive benchmark rule. In dissecting this finding on a firm
level, Figure 3 shows the heatmaps of mean returns for each traded component firm from tra-
ding using signals emitted by the FANN rule (with and without trading costs). Noticeably, some

Table 1:
Trading performance of the fundamental analysis neural network and buy-and-hold rule
(without fees)

FANN FANN-L FANN-S B&H

Total Returns (EUR) 13,648.07~ 7,801.47 5,846.60 9,112.72
Annualized Returns (%) 6.621 3.84 2.89 4.47
Mean Returns (EUR) 192.23 165.99 243.61" 115.35
Profitable Trades (%) 57.75 51.06 70.837 49.37
Maximum Drawdown (%) -11.341 -26.12 -12.42 -36.94
Coefficient of Variation 1.35144 3.1250 2.7778 3.2258

Note: Table shows trading performance of FANN, FANN-L, FANN-S and B&H during the out-of-sample
period from 01/07/2018 to 30/06,/2020 with trading fees. Total returns indicate profits received from tra-
ding the EUR 100,000 investment capital. Annualized returns show the geometric average of profit by an
investment. Mean returns refer to average returns for each trade. Profitable trades indicate the proportion
of trades (out of all trades) which generate positive returns. Maximum drawdown indicates the largest
peak to valley decline during the period. Coefficient of variation indicates the extent of variability of trading
returns as compared to its mean. " indicates better performance outcome for each measure.

Source: Computed by the authors

Table 2:
Trading performance of the fundamental analysis neural network and buy-and-hold rule
(with fees)

FANN FANN-L FANN-S B&H
Total Returns (EUR) 11,018.19n 8,642.71 2,375.48 8,116.75
Annualized Returns (%) 5.38n 4.24 1.18 3.99
Mean Returns (EUR) 157.40 192.06" 95.02 102.74
Profitable Trades (%) 60.00 55.56 68.00" 49.37
Maximum Drawdown (%) -9.25/~ -25.09 -16.34 -37.20
Coefficient of Variation 1.4493~ 2.8571 6.2500 3.4483

Note: Table shows trading performance of FANN, FANN-L, FANN-S and B&H during the out-of-sample
period from 01/07/2018 to 30/06/2020 with trading fees. Total returns indicate profits received from tra-
ding the EUR 100,000 investment capital. Annualized returns show the geometric average of profit by an
investment. Mean returns refer to average returns for each trade. Profitable trades indicate the proportion
of trades (out of all trades) which generate positive returns. Maximum drawdown indicates the largest
peak to valley decline during the period. Coefficient of variation indicates the extent of variability of trading
returns as compared to its mean. " indicates better performance outcome for each measure.

Source: Computed by the authors
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firms contribute to a greater portion of returns to the overall portfolio, gravitating towards pro-
fitable trades. This suggests that the neural network can identify patterns to buy (short sell) un-
dervalued (overvalued) stocks with greater magnitudes in positive returns, while smaller profits
or losses can be seen distributed somewhat evenly among the rest of the stocks.

Although FANN can offer positive returns, it is important to stress that profit alone is not a suffi-
cient sign to confirm the superiority of a particular strategy. For instance, investors have different
risk aversion levels. This means their acceptance of a particular asset or stock investment may dif-
fer due to some underlying risk factors, despite having identical returns. Hence, returns from tra-
ding must also be assessed in accordance with its risk (i.e. risk-return trade-off) before any fin-
ding can be said as economically significant. To this end, Figure 4 depicts two popular measures,
Sharpe and Sortino ratios, under the scenarios of with and without fees.

Note: The figures show the mean returns of trading using the FANN strategy during the out-of-sample period
(01/07/2018 to 30/06/2020). Top (bottom) chart reflects the performance without (with) transaction costs.
Blue (red) colour shows mean profit (loss) of each company. Larger size indicates greater profit or loss.

Figure 3:
FANN mean return heatmaps
Source: Computed and elaborated by the authors
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Note: The charts denote performance measures based on return and volatility (Sharpe ratio) as well as
return and downside volatility (Sortino ratio) from trading individual stocks in the ATHEX. Blue (orange)
lines indicate trading simulation without (with) transaction fees.

Figure 4:
Risk-return performance measures
Source: Analysed by the authors

As shown in the figure, FANN clearly dominates the B&H rule in both cases. Although FANN-L
and FANN-S rules do not indicate supremacy, FANN obtains a Sharpe ratio of 0.74 (0.69) versus
0.31 (0.29) produced by the passive benchmark without (with) cost. Put another way, for the same
level of risk, FANN generates over twice the return against simply buying and holding stocks. In
similar vein, Sortino ratio confirms the effectiveness of FANN with values of 1.3 (1.92) without
(with) fees as compared to the B&H policy with 0.4 in both cases. Stated differently, when nega-
tive deviation of returns is concerned, FANN further outperforms B&H as its return is over triple
(without fees) and quadruple (with fees) to that of the latter for the same unit of risk. One possi-
ble explanation of better outperformance when fees are considered is due to random omission
of some unprofitable trades from reduced capital after subtracting the costs. This notion is cor-
roborated by the data. All in all, our results confirm that the fundamental neural network which at-
tempts to gain from buying undervalued stocks and simultaneously short selling overvalued ones
provide greater return to variability.

5. Conclusion

In this article we train a neural network using a set of fundamental indicators and explore its
trading performance in the emerging stock market of Greece. Based on publicly available da-
ta of 79 constituent firms listed in ATHEX over the period mid-2010 to mid-2020 (with the last
2 years as the holdout subperiod), we explore long-only (FANN-L), short-only (FANN-S) and
both rules (FANN) against the unconditional B&H benchmark rule. We find that while the neu-
ral-based unidirectional strategies come with profits, they generally underperform the passive
benchmark. However, the FANN strategy which capitalises on both signals that the market is
going up and down distinctly surpasses the B&H in terms of returns and risks measures, even
when the round-trip trading cost is considered.

Our findings add to prior research in Greece by [13] and suggest that the neural network is
capable to learn the nonlinear relationship between financial ratios and future stock returns,
and the outcome is not ascribed to higher risk. The results infer that ATHEX is semi-strong inef-
ficient where market prices deviate from their intrinsic values and do not react instantaneous-
ly to publicly available financial statement information. In other words, undervaluation or over-
valuation may persist for a lengthy time, allowing investors to exploit market inefficiency. Further
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research can be undertaken in areas such as utilizing different sets of financial variables, equity
markets and machine learning techniques, as well as incorporating various performance mea-
sures and risk management policy.
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