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In the modern world, data analysis and prediction have become extremely relevant due to the large
amount of information humanity has to process every day. Machine learning algorithms are
identified as one of the most promising approaches. This paper presents a neural network-based
approach that provides the possibility of predicting the future price dynamics based on the analysis
of historical data of the company's share price, as well as the published opinions about the company.
This work considers only the processing of historical data of stock price of companies, but the
presented approach can potentially be generalized to any kind of time series. © 2024 Bull. Georg.

Natl. Acad. Sci.
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The purpose of this research is to demonstrate an
algorithm based on neural networks for predicting
the likely direction of a company's stock price.
Financial data are mostly presented in the form of
time series, which refers to observations made at
equally spaced time intervals (e.g. daily), arranged
chronologically [1, 2].

Neural networks are a modern machine learning
approach used to solve a wide range of problems,
including time series classification and prediction.
This paper utilizes a special case of recurrent neural
networks — Long Short-Term Memory (LSTM),
which, unlike conventional recurrent networks,

have the ability to store and process contextual

information for a longer period of time [3]. In [4],
neural networks were compared to the Box-Jenkins
method and it was concluded that NNs outperform
the Box-Jenkins model for series with short
memory. For series with long memory, both
methods produced similar results. Zhang et al. [4]
gave a detailed review of neural networks for fore-
casting. They trialed an auto-regressive integrated
moving average (ARIMA) model with an artificial
neural network to predict time series. The results
showed that the ANN was more advantageous in
analyzing and processing nonlinear data. A recent
review [5] discusses the applications of deep
learning to time series data. The stock price

© 2024 Bull. Georg. Natl. Acad. Sci.
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prediction using LSTM [6] and other forms of deep
learning [7, 8] continues to be a relevant research
topic.

The rest of the research is structured as follows:
Section 2 describes the essence, structure and
sources of the data used in the research, and defines
transformations carried out on the data. Section 3
provides a brief description of neural networks and
proposes a strategy for tuning hyperparameters for
the network and selecting the best model. Section 4
presents the evaluation of neural network
prediction results — with the help of statistical
metrics, and also by comparison with real data. In
the conclusion section, the results of the research
are summarised and the perspective of future work

is discussed.

Data Structure

A time series is a set of observations made on a

time-varying event, arranged chronologically [1].

In case of having more than one variable that

depends on time, the time series is called multi-

variate. In stock market price time series, the follo-

wing five variables are most commonly found:

1. Opening price (Open) — price value at the
beginning of the time interval.

2. Maximum (High) — the maximum value of the
price during the interval.

3. Minimum (Low) — the minimum value of the
price during the interval.

4. Closing price (Close) —price value at the end of
the interval.

5. Volume — the number of shares traded during
the interval.

According to the book “Technical Analysis and
Stock Market Profits” [9] by Richard Schabacker,
the most important and informative of these is the
closing price. In addition, studies have shown that
the press read on the Internet really influences the
decision made by investors [10, 11]. Accordingly,
the news headlines published during each day were
divided into three categories for the research —

CEINT3

“positive”, “neutral” and “negative”.
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The scope of the research is constrained to the
daily price analysis of three American transnational
corporations — Apple Inc. (AAPL), Adobe Inc.
(ADBE) and Alphabet Inc. (GOOGL). The data
was downloaded from the online platform Kaggle.
Specifically, we downloaded a dataset of histori-
cal price records of companies listed in the
S&P500 index, as well as two datasets of news
(investing.com, 2019; benzinga.com, 2020). Subse-
quently, the times in the data sets were rounded
down to the nearest day. The data excludes the days
when the American stock exchange does not
operate — these are weekends and American public
holidays. In total, the range of the analyzed
financial data was limited to the period from May
13, 2016 to May 14, 2020 (four years). The last 10
records of the time series (May 15-29) were plotted
separately and used to estimate the accuracy of the
forecast.

Predicting the Price Direction Using
Neural Networks

The structure of neural networks can be summa-
rized as a set of interconnected neurons. A single
neuron has one or more inputs and one or more
outputs. The structure of a neuron can be simple or
complex (i.e. it implies a combination of many
mathematical functions). Neurons are arranged and
connected differently to each other. A specific
structural configuration of the network is called a
model, and the characteristic parameters of this
configuration, which makes it unique — the number
of layers, the number of neurons in one layer, the
activation function, the optimizer, and others — are
called hyperparameters. [12]

Recurrent neural networks are one of the best
for time series analysis, because some of their
neurons can connect to themselves or to neurons in
the previous layer; accordingly, information moves
in both directions and the network acquires the
ability of “memory” [13]. The main problem of
recurrent networks is the gradual “forgetting” of

events that happened a long time ago, which is
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solved by a special sub-type - Long Short-Term
Memory (LSTM). A single neuron in an LSTM
network consists of four parts that, at each learning
iteration, evaluate the relevance of the data at the
current point in time. A transformer-type neural
network called FinBERT [14] was used to evaluate
the sentiment of news headlines. Transformer-type
networks are one type of neural network that is a
combination of an autoencoder-type network and

an “attention” mechanism [14, 15].
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Fig. 1. The four layers of an LSTM cell. Source: [16].

In this paper, one input data item to the neural
network is the sequence of the current day's
OHLCY and the relative shares of positive, neutral,
and negative news over the previous 14 days. In
total, the input vector consists of 52 elements. The
output is the delta of the current day's closing price
compared to the previous day. The data points were
randomly divided into training and test sets in an
80-20 ratio. Before entering the network, the data
was scaled using the MinMaxScaler tool of the
scikit-learn library. The mean squared error (MSE)
was used as the loss function. The Adaptive
Moment Estimation (Adam) algorithm proposed by
Kingma and Ba in 2014 is used as an optimizer.
[17] In contrast to gradient descent, Adam excels at
handling “incomplete” data, where missing or zero
values are often encountered [18]. The Adam
optimizer parameters are fixed in the study as
B,=09, B,=0.999, £=10"" respectively.

The rest of the network parameters were
determined by trying several possible combinations
— this approach is known as “grad student descent”
[19], and its name derives from the name of the
gradient descent algorithm. We tested the following

parameter values:

Bull. Georg. Natl. Acad. Sci., vol. 18, no. 3, 2024

Number of layers: [1,2,3,4].

Number of neurons: [16,32,64,128].

Batch size: [16,32,64,128].

Seed value: [1,2,3,4,5,6,7,8,9,10].
Accordingly, a total of 640 possible combina-

bl i

tions of parameters were formed for each company.
The accuracy of direction prediction on the test set
was used as the network accuracy metric. The
direction of the price movement is defined as the
mathematical sign of the difference between the
corresponding price values at two time points.
Predicted directions are therefore signs of
differences in the predicted values of two adjacent
days. Prediction accuracy is the ratio between the
number of correctly guessed directions and the total
amount of guesses, which is one less than the
amount of data points. By fixing the random
generation seed, the difference between the
accuracies obtained in the case of training twice
with the same hyperparameters was minimized.
After each training epoch, the prediction accuracy
of the test set was calculated, and finally only the
state of the network giving the best accuracy was
kept. The maximum number of epochs is 50,
although each network is trained to the best
condition for its parameters. One combination of
parameters was selected for each company. Other
parameters being equal, the variant with smaller
packet size and number of epochs is better [20].
Regarding the number of layers and the number of
neurons per layer, a 2020 study by Yadav, Jha, and
Sharan [21] on Indian companies compared the
accuracy of an LSTM network with one to seven
hidden layers using the RMSE metric. The
conclusion of the study is as follows: LSTM with
the number of layers equal to 1 has the best overall
accuracy, although increasing the number of layers
reduces the standard deviation of network pre-
dictions (makes it more stable). Considering the
above circumstances, the optimal combinations of
parameters were selected for each company parti-

cipating in this study, presented in Table 1.
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Table 1. The optimal parameters of LSTM neural networks

Stock Layers Neurons Batch Seed Best Epoch | Accuracy

AAPL 1 16 32 9 13 60.804%

ADBE 4 32 16 4 34 64.322%

GOOGL 1 128 16 3 45 60.804%

Table 2. Evaluation of LSTM accuracy using different criteria

Stock Test Acc. Real Acc. MAE RMSE R?

AAPL (S) 60.804% 60% 0.807849 1.539519 -1.706376

ADBE (S) 63.819% 60% 3.538750 6.965875 -0.260702

GOOGL (S) 60.804% 40% 11.684246 16.326593 -0.023063
Results Noteworthy are the negative values of the R’

One common way to evaluate neural network accu-
racy and compare the models is to calculate statis-
tical metrics, including MAE (Mean Absolute
Error), RMSE (Root-Square MSE), and the R?

metric, whose formula is given by:

n A\ 2
(-1

n =\2 "
21 -T)

The R* metric is used in regression problems

R =1-

and shows how close the predicted direction line is
to the movement trend of the actual data. If the
results predicted by a model have worse accuracy
than the function that simply calculates the mean of
the data, the R value is negative. In addition to
statistical metrics, the accuracy of “predicting”
price direction over the next 10 days is evaluated,
which is an example of real-world use of the
network.

It can be seen from Table 2 that the real-world
accuracy of the trained model is close to the

accuracy of the test set in two out of three cases.
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metric in the evaluation, which theoretically means
that the movement predicted by the network misses
the correct one more than the horizontal line drawn

in the middle of the movement graph.

Conclusion

In this research, a neural network-based approach
for predicting financial data is discussed. Sentiment
estimates of three American technology giants'
stock prices and recent news headlines are
analysed. Price direction prediction accuracy for all
three companies was 60% both on the test set and
on real-world data. The mentioned percentage is
considered enough to evaluate the price trends on
the trade landscape and to choose the next action.
Therefore, future work will consider developing a
more efficient strategy for selecting network para-
meters, as well as trying other types of “supporting
data” in network training besides news is a matter

of future work.



40 Vladislav Dashtu, Nick Inassaridze

0656059035

3569569960 Lfsgegds 53obsblmmo Imbs399gdols s65¢woBols
@5 §obslHo®mdgBHyzgemgdologols

3. 53¢y, 6. 0bsLa®Modg™

* bogs®039emml 96039GLoB3IH0, 996609M980bs @5 H97602¢730980L Liz0aems, 0Borolo, bsds@Goggere
03569 253560830000l Usb. 08ogrobol bsbyerdpogm «3bo396bod G0, 5. G5bIsdol ds09ds@0z0b

0bbAOAIH0; bosgstoz9cnmb (9976032900 2960396boAIH0; 0080¢roliol s0905¢9030b dgrbog6980b
6960, 080¢robo, bsgstr0r39¢m

(Hom3my9bowos 5350093000 §gzeob b. 0bsls®odol Jog)

056599006m39 BsdYysmMdo dmbs3g9ms s65¢PoBo s 3MMBMDOMIds dsenBy SgGHMsE MO sbs
0030b g30m, GM3 353MOMO0MdST YM3xMEMOM© b ©93w)dsml OO dmEMEMdol 0bgm®-
05305. 39 Ly30MbOL EIBEAENY3 B36J96wM0 Lfjsgangdols seraym©H0mTIRd0 sdmgmobos, Gmames
9O®-9000 y39esbHy 390L39dEomeo doymds. dmEgdee 653Mmddo Hs@dmepgbogos bgoMm-
By Jugeby sxwdbgdmero dgmmeo, HmIgEog 0dgg3zs 3md3sbool sd3ogdol Balol olidm-
6000 Imbs3g9900L 365¢0oBols s, SBg3g, 3mI3sbool Bglisbgd gs9mdzgybgdwyero dmlisBMYdIdOL
Ls3mdz9bY, 8mBsgogo BsLgdol E0bsTogol 3MMabmboMgdol Tglisdegdemdsl. bsdmmddo
295630b0oEsg00 Gbrmerm 3m83560900L 5J309d0L Bolol OliEMMoMEo 8mbs3gdgdol sdwdaggdst,
053059 omdmoagbowo doymds 3m@gbgommse 9g0degds asbbmasegl bgdolidogMo Lsbol
Omoom dfj3Goz%g.

Bull. Georg. Natl. Acad. Sci., vol. 18, no. 3, 2024



Machine Learning in Financial Data Analysis and Forecasting 41

REFERENCES

10.

11.

12.
13.

14.

17.

18.

19.

20.

21.

Profillidis V. A. & Botzoris G. N. (2019a) Trend projection and time series methods. Modeling of transport
demand: 225-270. Elsevier.

Lazrieva N., Mania M., Mari G., Mosidze A., Toronjadze A., Toronjadze T. et al. (2000) Probability theory and
mathematical statistics for economists. Tbilisi (in Georgian).

Petnehazi G. (2019) Recurrent neural networks for time series forecasting. In arXiv [q-fin.ST].
https://doi.org/10.48550/ARXIV.1901.00069.

Zhang G. P. (2003) Time series forecasting using a hybrid ARIMA and neural network model. Neurocomputing,
50: 159-175. https://doi.org/10.1016/s0925-2312(01)00702-0.

Gamboa J. C. B. (2017) Deep learning for time-series analysis. https://doi.org/10.48550/ARXIV.1701.01887.
Istiake Sunny M. A., Maswood M. M. S., & Alharbi A. G. (2020) Deep learning-based stock price prediction
using LSTM and bi-directional LSTM model. (2020), 2nd Novel Intelligent and Leading Emerging Sciences
Conference (NILES), 87-92.

Mehtab S. & Sen J. (2020) Stock price prediction using convolutional neural networks on a multivariate
timeseries. In arXiv [q-fin.ST]. http://arxiv.org/abs/2001.09769.

Song Y., Lee J. W. & Lee J. (2019) A study on novel filtering and relationship between input-features and
target-vectors in a deep learning model for stock price prediction. Applied Intelligence, 49(3): 897-911.
https://doi.org/10.1007/s10489-018-1308-x.

Schabacker R. (2021) Technical analysis and stock market profits, Harriman definitive edition. Harriman House
Publishing.

Mao H., Counts S. & Bollen J. (2011) Predicting financial markets: Comparing survey, news, Twitter and search
engine data. In arXiv [q-fin.ST]. http://arxiv.org/abs/1112.1051.

Kaminski J. (2014) Nowcasting the bitcoin market with Twitter signals. In arXiv [cs.SI].
http://arxiv.org/abs/1406.7577.

Nielsen M. A. (2019) Neural networks and deep learning. http://neuralnetworksanddeeplearning.com

Bengio Y., Simard P. & Frasconi P. (1994) Learning long-term dependencies with gradient descent is difficult.
IEEE Transactions on Neural Networks, 5(2): 157-166. https://doi.org/10.1109/72.279181.

Araci D. (2019) FinBERT: financial sentiment analysis with pre-trained language models.
https://doi.org/10.48550/ARXIV.1908.10063.

. Devlin J., Chang M.-W., Lee K. & Toutanova, K. (2018) BERT: Pre-training of deep bidirectional Transformers

for language understanding. https://doi.org/10.48550/ARXIV.1810.04805

. Olah C. (2015) Understanding LSTM networks. Colah’s Blog. http://colah.github.io/posts/2015-08-

Understanding-LSTMs/

Kingma D. P. & Ba J. (2014) Adam: a method for stochastic optimization.
https://doi.org/10.48550/ARXIV.1412.6980.

Ruder S. (2016) An overview of gradient descent optimization algorithms.
https://doi.org/10.48550/ARXIV.1609.04747.

Gencoglu O., van Gils M., Guldogan E., Morikawa C., Stizen M., Gruber M., Leinonen J. & Huttunen H. (2019)
HARK side of deep learning -- from grad student descent to automated machine learning. In arXiv [cs.LG].
http://arxiv.org/abs/1904.07633.

Keskar N. S., Mudigere D., Nocedal J., Smelyanskiy M. & Tang, P. T. P. (2016) On large-batch training for
deep learning: generalization gap and sharp minima. https://doi.org/10.48550/ARXIV.1609.04836.

Yadav A., Jha C. K. & Sharan A. (2020) Optimizing LSTM for time series prediction in Indian stock market.
Procedia Computer Science, 167: 2091-2100. https://doi.org/10.1016/j.procs.2020.03.257.

Received June, 2024

Bull. Georg. Natl. Acad. Sci., vol. 18, no. 3, 2024


https://doi.org/10.1016/s0925-2312(01)00702-0
https://doi.org/10.48550/ARXIV.1701.01887
https://doi.org/10.1007/s10489-018-1308-x
http://arxiv.org/abs/1112.1051
https://doi.org/10.48550/ARXIV.1908.10063
https://doi.org/10.48550/ARXIV.1810.04805
http://arxiv.org/abs/1904.07633
https://doi.org/10.48550/ARXIV.1609.04836
https://doi.org/10.1016/j.procs.2020.03.257


<<

  /ASCII85EncodePages false

  /AllowTransparency false

  /AutoPositionEPSFiles true

  /AutoRotatePages /None

  /Binding /Left

  /CalGrayProfile (Dot Gain 20%)

  /CalRGBProfile (sRGB IEC61966-2.1)

  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)

  /sRGBProfile (sRGB IEC61966-2.1)

  /CannotEmbedFontPolicy /Error

  /CompatibilityLevel 1.4

  /CompressObjects /Tags

  /CompressPages true

  /ConvertImagesToIndexed true

  /PassThroughJPEGImages true

  /CreateJobTicket false

  /DefaultRenderingIntent /Default

  /DetectBlends true

  /DetectCurves 0.0000

  /ColorConversionStrategy /CMYK

  /DoThumbnails false

  /EmbedAllFonts true

  /EmbedOpenType false

  /ParseICCProfilesInComments true

  /EmbedJobOptions true

  /DSCReportingLevel 0

  /EmitDSCWarnings false

  /EndPage -1

  /ImageMemory 1048576

  /LockDistillerParams false

  /MaxSubsetPct 100

  /Optimize true

  /OPM 1

  /ParseDSCComments true

  /ParseDSCCommentsForDocInfo true

  /PreserveCopyPage true

  /PreserveDICMYKValues true

  /PreserveEPSInfo true

  /PreserveFlatness true

  /PreserveHalftoneInfo false

  /PreserveOPIComments true

  /PreserveOverprintSettings true

  /StartPage 1

  /SubsetFonts true

  /TransferFunctionInfo /Apply

  /UCRandBGInfo /Preserve

  /UsePrologue false

  /ColorSettingsFile ()

  /AlwaysEmbed [ true

  ]

  /NeverEmbed [ true

  ]

  /AntiAliasColorImages false

  /CropColorImages true

  /ColorImageMinResolution 300

  /ColorImageMinResolutionPolicy /OK

  /DownsampleColorImages true

  /ColorImageDownsampleType /Bicubic

  /ColorImageResolution 300

  /ColorImageDepth -1

  /ColorImageMinDownsampleDepth 1

  /ColorImageDownsampleThreshold 1.50000

  /EncodeColorImages true

  /ColorImageFilter /DCTEncode

  /AutoFilterColorImages true

  /ColorImageAutoFilterStrategy /JPEG

  /ColorACSImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /ColorImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /JPEG2000ColorACSImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /JPEG2000ColorImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /AntiAliasGrayImages false

  /CropGrayImages true

  /GrayImageMinResolution 300

  /GrayImageMinResolutionPolicy /OK

  /DownsampleGrayImages true

  /GrayImageDownsampleType /Bicubic

  /GrayImageResolution 300

  /GrayImageDepth -1

  /GrayImageMinDownsampleDepth 2

  /GrayImageDownsampleThreshold 1.50000

  /EncodeGrayImages true

  /GrayImageFilter /DCTEncode

  /AutoFilterGrayImages true

  /GrayImageAutoFilterStrategy /JPEG

  /GrayACSImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /GrayImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /JPEG2000GrayACSImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /JPEG2000GrayImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /AntiAliasMonoImages false

  /CropMonoImages true

  /MonoImageMinResolution 1200

  /MonoImageMinResolutionPolicy /OK

  /DownsampleMonoImages true

  /MonoImageDownsampleType /Bicubic

  /MonoImageResolution 1200

  /MonoImageDepth -1

  /MonoImageDownsampleThreshold 1.50000

  /EncodeMonoImages true

  /MonoImageFilter /CCITTFaxEncode

  /MonoImageDict <<

    /K -1

  >>

  /AllowPSXObjects false

  /CheckCompliance [

    /None

  ]

  /PDFX1aCheck false

  /PDFX3Check false

  /PDFXCompliantPDFOnly false

  /PDFXNoTrimBoxError true

  /PDFXTrimBoxToMediaBoxOffset [

    0.00000

    0.00000

    0.00000

    0.00000

  ]

  /PDFXSetBleedBoxToMediaBox true

  /PDFXBleedBoxToTrimBoxOffset [

    0.00000

    0.00000

    0.00000

    0.00000

  ]

  /PDFXOutputIntentProfile ()

  /PDFXOutputConditionIdentifier ()

  /PDFXOutputCondition ()

  /PDFXRegistryName ()

  /PDFXTrapped /False



  /CreateJDFFile false

  /Description <<



    /BGR <>

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>

    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>

    /CZE <>

    /DAN <>

    /DEU <>

    /ESP <>

    /ETI <>

    /FRA <>

    /GRE <>



    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)

    /HUN <>

    /ITA <>

    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>

    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>

    /LTH <>

    /LVI <>

    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)

    /NOR <>

    /POL <>

    /PTB <>

    /RUM <>

    /RUS <>

    /SKY <>

    /SLV <>

    /SUO <>

    /SVE <>

    /TUR <>

    /UKR <>

    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)

  >>

  /Namespace [

    (Adobe)

    (Common)

    (1.0)

  ]

  /OtherNamespaces [

    <<

      /AsReaderSpreads false

      /CropImagesToFrames true

      /ErrorControl /WarnAndContinue

      /FlattenerIgnoreSpreadOverrides false

      /IncludeGuidesGrids false

      /IncludeNonPrinting false

      /IncludeSlug false

      /Namespace [

        (Adobe)

        (InDesign)

        (4.0)

      ]

      /OmitPlacedBitmaps false

      /OmitPlacedEPS false

      /OmitPlacedPDF false

      /SimulateOverprint /Legacy

    >>

    <<

      /AddBleedMarks false

      /AddColorBars false

      /AddCropMarks false

      /AddPageInfo false

      /AddRegMarks false

      /ConvertColors /ConvertToCMYK

      /DestinationProfileName ()

      /DestinationProfileSelector /DocumentCMYK

      /Downsample16BitImages true

      /FlattenerPreset <<

        /PresetSelector /MediumResolution

      >>

      /FormElements false

      /GenerateStructure false

      /IncludeBookmarks false

      /IncludeHyperlinks false

      /IncludeInteractive false

      /IncludeLayers false

      /IncludeProfiles false

      /MultimediaHandling /UseObjectSettings

      /Namespace [

        (Adobe)

        (CreativeSuite)

        (2.0)

      ]

      /PDFXOutputIntentProfileSelector /DocumentCMYK

      /PreserveEditing true

      /UntaggedCMYKHandling /LeaveUntagged

      /UntaggedRGBHandling /UseDocumentProfile

      /UseDocumentBleed false

    >>

  ]

>> setdistillerparams

<<

  /HWResolution [2400 2400]

  /PageSize [612.000 792.000]

>> setpagedevice



