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SUMMARY

The process of balance sheet forecasting from the Contra revenue team, within HP Inc, is
currently a manual process that takes a lot of manual work to make, currently only two
forecasts are provided, one per business, and the scope needs to be expanded to the market
level organizations in the company.

The main objectives are to improve the forecast, to expand the scope and to automatize the
process. The solution is a friendly executable that uses Python and an ARIMA algorithm to
provide the next value of reserve entering an Excel file with organized data, that goes through
the algorithm, and exiting an Excel file for the analyst to keep working on their own
deliverable.



RESUMEN

El proceso de prediccion de balance de Contra Revenue en HP Inc. es un proceso manual que
requiere de muchas horas de trabajo y actualmente solo se proveen dos predicciones, una por
negocio, y el enfoque se necesita expandirse al nivel de mercado de la compafiia.

Los objetivos principales del proyecto son mejorar el estimado de la prediccion, expandir el
enfoque al nivel mercado, y automatizar el proceso. La solucién fue crear un ejecutable
amigable que utiliza Python y un algoritmo ARIMA para proveer el siguiente valor de la
reserva, el ejecutable tiene como entrada un archivo de Excel, que pasa por el algoritmo y
tiene como salida también un archivo de Excel con los resultados para que el analista pueda
seguir trabajando en su entregable.
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1. INTRODUCTION

The whole Finance Corporate world is managed trough Excel and Excel only, the usual
analyst doesn’t use the powerful tool that technology and AI (Artificial Intelligence) is
providing. It is today the perfect time to take advantage of those tools and begin to change
the corporate financial world.

Nothing can replace the judgment of a good analyst, yet. But the tools can help that same
analyst save time, improve the outcome of their work, and align faster to the always-changing
environment that corporations live perpetually in.

Literature is always telling that finance is hard to predict, yet there is a lot of artificial
intelligence implemented in the stock market. ARIMA (Autoregressive Integrated Moving
Average) has proven to be a good predictor in a stable environment with the right judge of
the experienced analyst.

Combining Python and ARIMA we could automatize and improve the balance sheet
forecasting deliverable for Contra Revenue in within HP (Hewlett Packard) Inc.
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1.1 Background

Time series have been used to study several cases finance cases with ARIMA models, one thesis from
New Jersey Institute of Technology called Time series forecasting with applications to Finance by
Viswapriya Misra published in 2021 were they test several forecasting models to predict stock values.
Contra Revenue is the second biggest line of the Profit and 10ss statement of the company, it includes all
the spend occurred during a certain period related in its vast majority (by definition) to sell incentives and
product returns, which would naturally deduct money from the gross sells of the company.

Since its origins, HPQ (Hewlett Packard Company) had managed the Contra Revenue spent through the
business division of the company, without a major control or scrutiny revisions to it, letting the business
managers and directors decide what was better to offer for a certain deal or a certain customer, amount or
percentages allowed to return by partner, etc.

During 2010 HPQ company’s CEO Mark Hurd was involved in a set of sex and money fraud scandals.
According to Michael Holston, HP's general counsel: "The investigation revealed numerous instances
where the contractor received compensation and/or expense reimbursement where there was not a
legitimate business purpose. And the investigation found numerous instances where inaccurate expense
reports were submitted by Mark or on his behalf that intended to or had the effect of concealing Mark's
personal relationship with the contractor." [1]

After this inconvenient company’s event, and because the deviation of expenses occurred through a Contra
Revenue account, that whole operation of discounting, sells incentives, returns and any other related
account moved to create a new team under Controllership supervision, whit an improved scrutiny, audits,
and several controls, and we can now say 12 years later, this strategy had worked better so far.

After the split of HPQ back in 2015 [2] into two new companies, HPE and HPI (Hewlett-Packard
Enterprise and Inc respectively), the Contra revenue operations remain under the Controllership
supervision at least for the HPI portion of the new company, that its main core business are the
manufacturing and reselling of computers and printers at a world-wide level.

As it was mentioned the Contra revenue spend is high, second biggest line of the P&L statement, and the
reason of this is because HPI does not have an own distribution channel, so most of the incentives are
given as a backend incentive to the biggest partners that redistribute and resell HP’s product into the
market or the final customer.

Diagram of HP’s Go to market:
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Figure 1. HP Go to market route from HP to the final customer

At the moment of the sell in, or from HP to the redistributor partners (as seen un figure above CSP and
VPA partners) , and because of the US GAAP requirement, every spend associated to each sell needs to
be recognized at the moment of the sell, so at the moment of the sell in we need to accrue for a certain
percentage to recognize the spend in the P&L statement as well as to recognize the future obligation (debt)
in the Balance sheet, this is the portion that needs to be forecasted from a Contra revenue team stand point.

On HP’s accounting manual, contra revenue is:

Channel Sales incentives typically refers to programs used to stimulate sales, particularly sales of our
channel partners which can include distributors, resellers, system integrators, retail partners and others.
Sales incentives are offers from HP that can be used by a customer to receive a reduction in the price of a
product or service.

The only contra we accrue for is the backend portion, but every sell has a percentage of upfront discounting
associated to it as well:

Upfront Contra — sales incentive that is offered and granted to the customer at the time of invoicing as part
of the pricing of the products or services.

Backend Contra — that is offered and granted either the sale or after the initial sale of products and which
need to be claimed subsequently by the customer by submitting the claim.
The main contra types are:

3103-Sales Goal Attainment Incentives
3104-Special Negotiated Discounts
3105-Promotions

3106-Price Protection
3107-Cooperative Partner Marketing
3109-End of Life

3113-Other discounts

The biggest ones are 3104, 3103 and 3105.
Location of Contra in the P&L statement:
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It comes right before Net revenue (as seen in figure 2 below); it is not published because it is part of
the company strategy.

HP Inc. and Subsidiaries

Consclidated Statements of Earnings

FOR THE FISCAL TEARS ENDED DU TOBER 31

k] 2me 7
14 MILLIDHS, ENCEPT MER SHARE AMNSTS
Wat reverue §58756 853472 A -JEE-

Coats and espendes

Cost of reverue 47803
Ressarch and development 1,404
Selling, genendl and admiristrative 5,099

Restructuring and ather charges .

Acquisition-related cha ges ......

Arnortization of it NgIDle assets .

Total costs and experses. .. ... 48684
Earnings from operations 3368
inibenesst and other, net 52
Earning 216
Benafit from ([provision for) tames (750

Het earmings $2526
Net eamings per share

BaBI o e 208 §1.50

Diluted 20 £148
Weighled-average sharés uied o compule Net Samings per share

Basic 1,515 1,615 1,668

Dilurtad 1,524 1634 1.70€

Figure 2. HP P&L statement sample (Financial Annual Report: https://investor.hp.com/financials/annual-reports-and-
proxies/default.aspx)

Location of Contra in the Balance sheet statements:

It is embedded in Other current liabilities (as seen in figure 3 below), it is not published as an individual
line, same because it is part of the company’s business strategy.
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HP Inc. and Subsidiaries

Consolidated Balance Sheets

A5 OF L TORER 31

e g
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LIABILITIES AND STOCKHDLDERS DEFICIT

Figure 3. HP Balance sheet statement sample. Financial Annual Report (https://investor.hp.com/financials/annual-reports-and-
proxies/default.aspx)

1.2 Justification

The need to save time is always urgent in the corporate finance world, the need to have a malleable,
adaptable one-fits-all model is a must.

Then the corporation just recently moved to a market level finance, which is a new organized geographical
grouping system that consists into having 10 markets with 10 individual controllers and finance owned
organizations.

Currently the balance sheet forecast was made only for 2 forecast series, PS (Personal systems or
computers) and Print which are the main businesses of the company, ata WW (Worldwide) level. In within
the 2 big groups there are also sub-divisions or categories, these needed to be also shown when forecasting,
so the 2 original series turned into 10 and then times the market, turned into a hundred series. If the average
analyst takes 2 working days to complete the 2 series, it would have taken 100 days to complete the full
100 needed series as per the new organization figures.

17



ARIMA has proven to work excellent with time series, and at the end the balance sheet is also a time
series, so the exercise was to prove that right, once more.

1.3 Problem

The Balance sheet portion of the Contra reserves need to be forecasted at least 2 times every quarter, the
requirement comes from the Financial Planning and Analysis (FP&A) team of the company and the final
purpose of this forecast is for them to be able to forecast the cash flow of the company.

Currently we are facing three main issues with this process:

-Granularity: All the setup of contra rates forecast and actual revies of the company are being done at a
market level, and this forecast’s granularity today is only made at a global level, by business (computing
and printing) meaning we have 2 main forecasts by account.

-Accuracy: The aimed required accuracy for out short-term forecast is for it to be below 5% error, currently
we are sitting at a historical of 5.2%, with this change to market and artificial intelligence implementation,
the idea is to improve accuracy for it to be below 3%.

-Automatization: The actual process is a massive excel sheet, semi-automated with a lot of manual inputs
to it, the goal would be to automate it, reduce manual inputs and increase its autonomy.

Descriptive data analysis (actual)

In many large multinational companies such as HPI, there is often data issues, due to incomplete prior
projects, multiple unaligned systems, and pretty much because there are lots on lots of data everywhere;
even a major director described us (HP employees) as data junkies once because of the vast data and maybe
not enough analysis.

Providing this context, we can now say that some of the process to complete the data needed for the Contra
Balance sheet forecast is treated manually before it gets processed.

There are two main sources of information, the actual RP of the company that reports the Balance sheet,
and there is the P&L source that tracks the monthly impacts and revenue.

Internally Contra Revenue team is divided into three sub-teams being:

-Delivery: Pretty much in charge of Mont End Close activities, hard core processes, interaction with all
stakeholders, the face of contra to the outside.

-Design: Internal management of processes, looking for improvements, expert owners of reporting, master
data, definitions, documentation.

-Analytics: We call it that, but it is pretty much the dashboard’s team, the maintain and constantly create
new views adapting to business requirements, a lot of power Bl and ad-hoc reporting.

Balance sheet and P&L data

Delivery oversees the Balance sheet forecast, and the Analytics team is the one that provides the raw
reporting data to begin with the process.

18



As for now, as explained in the introduction, the forecast is made at a WW level, by business by account,
and that is how data is manually stored today (showing example in figure 4):

Figure 4. Manually stored data éxample

18 Q218 3,129,766,013

ps oo NI

Figure 5. Tabs in data storage

*Two tabs containing the same data in the same order, one for PS and one for Print business (figure 5
above for reference).

Historical since Nov 2016 (Nov is the first month of HPI’s fiscal year) by business, containing revenue
data, and data by accounts, respectively BS and P&L.

We ca say the data is:

-Complete: we have no NULL values, there has always been either a reserve or an impact for every account
by business by month.

-Valid: The data is pulled, populated, and validated by the Analytics team.
-Stored: Safely stored in a Teams group folder, and in One drive.
-Handy: Easy access to the storage folders.

-Reliable: Even when is manually processed t0 get to the view shown above, after adding it, there is a
validation process that makes data reliable.

-Enough: With this data there is enough history and enough columns to process the forecast.

Linearity data

There is another set of really important data that we call linearity (figure 6 below), also stored by PS and
Print, where we keep track of previous revenue estimations; on the lines we keep the month of the

estimation, on the columns the month estimated, and how it varied along time, it also has the inter-quarter
distribution of expected sales, and then when the data turns from flash to actuals, it gets updated too.
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Figure 6. Linearity data history showing the columns for the data forecasted and the rows the month when it was forecasted
A useful set of data that has been also used to analyze variations between periods, example: if the revenue
is higher in % at the end of one Quarter in comparison to another that could mean more BS accrued for in
that specific period.
This data is provided directly from FP&A team, monthly and gets collected in the tabs as shown in the
image.
Rates data
With all the data inputs from before we manually create our own set of data for rates, especially for the
Model M, Model Q and Budget.
Historical spend rates by business by account, with an interaction table where you can set either MAX,
MIN, or AVE (as seen in figure 7 below) depending on the expectations and set the time frame of this
calculations, for a minimum of 1 year and no maximum.
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8 |MAR 2016 MAR 2016 Q2 alignment MAR 1.7% 13.8% 2.2% 0.5% 0.0% 0.0% 0.3% 18.48%( Q2
9 |APR2016 APR 2016 Q2 3.17% 14.19% 2.15% 0.88% 0.24% 0.06% 0.20%) alignment| APR 1.6% 13.8% 2.2% 0.4% 0.0% 0.0% 0.3% 18.4%| Q2
10 MAY 2016 MAY 2016 Q3 MAY 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%|Q3
11 JUN 2016 JUN 2016 Q3 [ JUN 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%|(Q3
12 JUL2016 JUL 2016 Q3 3.00% 15.56% 2.23% 1.02% 0.23% 0.13% 0.14%)| JuL 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%|Q3
13 |AUG 2016 AUG 2016 Q4 AUG 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%|Q4
14 |SEP 2016  SEP 2016 Q4 SEP 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%| Q4
I5/0CT2016 OCT 2016 Q4 2.96% 14.03% 2.42% 1.18% 0.18% 0.10% 0.20%| oCcT 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%[ Q4
16 |NOV 2017 NOV 2017 Q1 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
17 |DEC2017 DEC 2017 a1 T 3104 4 3103 4 3100 T T oaz | o307
18 |JAN 2017 JAN 2017 Q1 2.64% 13.46% 1.48% 0.85% 0.09% 0.05% 0.20%| NOV MAX MAX MAX MAX MAX MAX MAX
19 FEB 2017 FEB 2017 Q2 DEC MAX MAX MAX MAX MAX MAX MAX
20 MAR 2017 MAR 2017 Q2 JAN AVG AVG AVG AVG AVG AVG AVG
21|APR 2017 APR 2017 Q2 2.96% 13.96% 0.88% 0.87% 0.06% 0.07% 0.12%| FEB MAX MAX MAX MAX MAX MAX MAX
22 |MAY 2017 MAY 2017 Q3 MAR MAX MAX MAX MAX MAX MAX MAX
33 |JUN 2017 JUN 2017 Q3 [APR MAX MAX MAX MAX MAX MAX MAX
24 JUL2017 JUL 2017 Q3 3.03% 15.77% 1.11% 0.79% 0.08% 0.08% 0.14%)| MAY MAX MAX MAX MAX MAX MAX MAX
25 AUG 2017 AUG 2017 Q4 [JUN MAX MAX MAX MAX MAX MAX MAX
26 SEP 2017 SEP 2017 Q4 JuL MAX MAX MAX MAX MAX MAX MAX
27 0CT2017 OCT 2017 Q4 2.68% 14.53% 1.34% 0.93% 0.10% 0.08% 0.15%| [AUG MAX MAX MAX MAX MAX MAX MAX
18 |NOV 2018 NOV 2018 Q1 SEP MAX MAX MAX MAX MAX MAX MAX
29 DEC 2018 DEC 2018 Q1 OCT MAX MAX MAX MAX MAX MAX MAX
30 |JAN 2018 JAN 2018 Q1 2.75% 14.58% 1.22% 0.75% 0.07% 0.04% 0.23%)|
31/FFRIMR  FFR 2018 07 I 2100 T a2 7 oama | oaier |

Figure 7. Rate estimation data- the table on the bottom right shows the MIN, MAX, AVE example

Also, a set of rates is calculated for the historical BS position on respect to the Revenue of the period
(figure 8):
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5 |DEC 2016 DEC 2016 Q1 0.00% DEC 31%  92% -14% -15% 04%  00%  -03%
6 |IAN 2015 JAN 2016 Q1 312%  5.99% -193% -193% -039% -0.06% -0.15% -1356% 1AM 34%  96% -14% 15% 04%  00%  03%
7 |FEB 2015 FeB 2016 Q2 294%  542%  -196%  -202% -D41%  -007% -0.15% -13.99% FEB
8 |MAR 2016 MAR 2016 Q2 -300%  7A0%  -173%  -194% -D43%  -0.07% -0.04% -1431% MAR -14%
9 |APR 2016 APR 2016 Q2 -382% TA%  -155%  -185% -042% -0.03%  -D.06% -15.17% Promedio| APR -37% -104% -15% 17% 04%  00%  03%
10 | MAY 2015 MAY 2016 Q3 -289%  TA8%  -153%  -162%  -DA0%  -0.04%  -DA1% -1377% MAY
11 |JUN 2016 JUN 2016 Q3 -306%  T54%  -L70%  -149%  -DAD%  -0.04%  -DAI% -1434% un
12|uLzo1s oL 2016 Q3 -369%  745%  -159%  -168% -D36%  -0.03%  -D.06% -14.86% uL
13 | AUG 2016 AUG 2016 Q4 -288%  662%  -159%  -158% -D3e%  -0.03%  -DO7% -1311% AUG
14 |SEP 2016 SEP 2016 Q4 -304%  680% -167% -166% -D.35% -0.04% -D.A0% -1365% sep 0.5%
15|0CT 2016 OCT 2016 04 364%  T08%  -190% -202% -034% -004% -0.02% -151%% oct 36%  101% -14% 16%
16 |NOV 2017 NOV 2017 a1 294%  522% -198% -189% -0.29% -0.03% -0.10% -1345% 2% -10% 1% 2%
17 | DEC 2017 DEC 2017 a1 284%  659% -197% -172% -0.27% -003% -D.11% -1353% T 1 569 T 2561 2582 T »ni 2575 | 2577 5760 576p
18 |JAN 2017 JAN 2017 a1 -353%  5.92% -178% -178% -0.26% -0.03% -0.19% -1350% NOV  AVG AVE  AVG AVE AvG AVG  AVG  AVG  AVG
19 |FEB 2017 FEB 2017 Q2 -357%  -535% -160% -190% -0.26% -0.04% -0.19% -1391% DEC  AVG AVE  AVG AVE AvG AVG AV AVG  AVG
20 | MAR 2017 MAR 2017 Q2 327%  6T2% 147K -169%  -0.24%  -0.04% -0.09% -1352% AN AVG AVE  AVG AVE AvG AVG AV AVG  AVG
21 |APR 2017 APR 2017 Q2 -401%  560% -133% -180% -021% -0.04% -0.01% -14.19% FEB AV AVE  AVG Ave Ave AVG AV AVG  AVE
22| MAY 2017 MAY 2017 a3 321%  660%  -129%  -172% -DA9%  -0.04% -D.A1% -13.16% MAR  AVG AVE  AVG Ave Ave AVG AV AVG  AVE
23 |JUN 2017 JUN 2017 Q3 -335%  T20%  -147% -155%  -DAS%  -0.03%  -D.A2% -1392% PR AVG VG AVG AVE AvE AVG  AVG  AVG  AVE
24 |UL2017 JUL 2017 a3 -380%  645%  -133%  -152%  -DA6%  -0.03%  -DA1% -1349% MAY  AVG VG AVG AVE AVE AV AVG  AVE  AVE
25 | AUG 2017 AUG 2017 a4 -338%  6A1%  -132%  -148% -DA3%  -0.03%  -DA2% -1256% N AvG VG AVG AVE AVE AV AVG  AVE  AVE
26 |SEP 2017 SEP 2017 a4 -291%  535%  -119%  -139%  -DA1%  -0.02%  -D.09% -1106% uL AVG VG AVG AVE AVE AV AVG  AVE  AVE
27 |ocT 2017 oCT 2017 a4 -355%  5.82%  -146% -181% -D13%  -0.03%  -DA1% -13.03% AUG  AVG VG AVG AVE AVE AV AVG  AVE  AVE
28 |NOV 2018 NOV 2018 Q1 -300%  515% -161% -180% -D.13% -0.03% -D.A1% -1202% sep AvG AVE  AVG AVE AVE AV  AVG  AVG  AVG
29| DEC 2018 DEC 2018 a1 -300%  788% -172% -195% -DA3% -0.04% -0.04% -1495% ocr v AVE  AVG Ave Ave AV AVG  AVG  AVE
30 |1AN 2018 JAN 2018 a1 371%  613%  -140% -167% -D11%  -0.04% -0.4% -1329%
31 |FEB 2018 FEB 2018 G2 -366% -601% -156% -176% -0.13% -0.04% -028% -13.45% xiSheetHidd” 2576 | 2560 | 2561 2582 T s T 2575 T 2517 5760 S76p
32 | MAR 2018 MAR 2018 Q2 -335%  537% -150% -184% -D.A3% -0.04% -0.09% -1332% Start Y 022 2022 2022 2022 02 w2 w2 02 202
33 | APR 2018 APR 2018 a2 -398%  559% -138% -174% -0.10% -0.04% -009% -1391% -062%|8v 1 1 1 1 1 1 1 1 1
34 | MAY 2018 MAY 2018 a3 369%  526% -121% -165% -0.09% -0.04% -0.09% -13.04%
35 |JUN 2018 JUN 2018 a3 312%  523% -133% -160% -0.09% -0.04% -0.10% -1250%
36 JuL2018 JUL 2018 @3 384%  520% -137% -159% -0.07% -0.04% -0.12% -13.28% [NEEER
37 | AUG 2018 AUG 2018 a4 376%  6.43% -134% -162% -0.07% -002% -0.13% -1335%
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Figure 8. BS rates data shoWing the ei(amble same as figUre 7 for MIN, MAX, AVE
Similar selection table to adapt to the forecast on every period.
Payment data

The last set of data is on the payments, there is no actual source to get this data in the company, because
it would require a lot of consolidation, so we just drove it from the formula of the reserve:

New reserve = Previous reserve + (sell in x contra rate by month) — payments
Therefore:

- New reserve + Previous reserve + (sell in x contra rate by month) = payments
This is how this data set is calculated and created, and there are two methodologies to forecast payments:
-Payment profile: There is a report that only contains two accounts in it (3104 and 3105) where you can
identify the period to which the payment pertains to, and therefore you can calculate the future payments
by projecting this payment profile distribution, good news is that the two accounts with this data are the

largest, but unfortunately there is not available for all of them.

Showing an example of a payment profile payment forecast (figure 9):

Date FM  Actual Rebate Delta %

M":‘M f-PE‘LJ""E" £_P&LImpact 0 9 ForecastM  ForecastQ Actual Spend Defta

12 AUG 2020 ; 107

12 SEP 2020 425476650 445,476,552

12 0T 2020 629174682 629,174,682

12'NoV 2021 9 609,499,272

12 DEC2021

12 AN 2021

12 FEB 2021

12 AR 2021

12 APR 2021

12 MAY 2021

12 JUN 2021

12 1012021

12 AUG 2021

12 SEP 2021 9 9

12 0T 2021 704822188 704,822,188

12 'Nov 2022 553545150 553,596,150
570560489 570,560,489

668,003,417

86,
Y AVALUE! - #VALUE!
571,880,682 AVALUE! - AVALUE! 0.0%)

658,801,686 86% AVALUE! - [ avawe 0.0%)

03%  44%  91%  669% #UALUE! - [ #vawe 0.0%

. y i ) Q8% 4% BE%  611% AVALUE! D avae 0.0%
Ps 12 101 2022 s - - VAL 00%  00%  00% 05% 45w 8Ew  671% AVALUE! s HUALUE! 0.0%)
na%  eam R 70% #URIUFL - P aane 00

Figure 9. Payment profile data showing the profile in columns and the historical months on the rows
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-Linear regression: For the rest of the accounts where we don’t have any basis to predict payments, we
base our forecast on a linear regression and historical created values.

Showing an example (figure 10):
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]
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Figure 10

] a3 |10
saagd] =

tF1e payment vallrue -
It is a basic linear regression, with moving averages to normalize them, tested to be significative with the
period took as historical, with a seasonality factor added to it by month by year, it has shown good accuracy
when forecasting in the short term (1-3 months).

We have described the source of the actual data needed to run the forecast process. And now we will
concentrate on the alternatives of sources for the new data to supply the objectives of this project, which
would be two options:

Data for the project

Source data by market

The data is available by market with the same splits for the project in the same system where the Analytics
team goes and pull the actual data used for the forecast process. But there are some inconveniences with
the completeness of the data as there are some months where in small markets there aren’t any spend, not
precisely an inconvenience as the data is what the data is.

The date would work the same from the source, manual (now automated) process to consolidate it and
have enough history to start projecting with the new tools.

Flash data

There is the availability of this flash information by market where we could get the spend rate, and the
forecasted revenue at the same time:
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zFigure 11. Flash data example showing the P&L description on the rows and the time in the columns
The idea with these files would be to consolidate them in a SharePoint, and then just access the necessary

data by the granularity desired, the source is directly from market and business representatives, and it is
only part of the flash process for margin (figure 11 shows the raw flash data example).

1.4 Hypothesis

The usage of ARIMA and Python will help to automate, save time, and improve the forecast estimations.
1.5 Objectives

1.5.1 General objective:

Be practical, introduce the Python strength into the financial analysis, save money/time in the meantime,
and provide a better estimate to the CFO office to have a TRUE cash flow every Quarter.

1.5.2 Specific objectives
1.Granularity

The current granularity, as explained before, is WW (1), by business (2), meaning we have 2 forecasts
running at the same time in all the modeling.

Due to a recent change in how finance is structured, it is a must to go down to a market forecasting level,
currently there are 10 markets, not all of them as big nor as important, an maybe we will end up having
only 7-8 markets forecasted, but that is potentially going from 2 forecast to 20 individual forecast by 6
accounts that is a total of 120 time series, and if we add in the categories, we are looking at a 500+ time
series.

There are two main options to approach this change:

-Tops down approach. Either keep considering the actual models, refine them and allocate reserves to the
market behaviors according to history or most recent business/markets expectations based on sell in or
any other factor that we find out relevant.
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-Bottoms up approach. Build the reserve individually from scratch based on each individual market
expectation of spend, sell in and/or payment, at the end consolidate these reserves to have a grand total
WW reserve.

Both approaches would have both views, consolidated, and allocated by market, this will make much
easier the analysis of variations, deltas, new accuracy by market, and it would be better to highlight
anomalies in forecasting, or focus on a specific attention point, besides and among all the forecast process
will be in the same language as all the new reviews by market level.

2.Accuracy

Currently the accuracy of the forecast is at a total level of 5.2% with good accuracy for the short term and
a little bit worse on the mid-term deliveries as the table below shows:

Table 1. Accuracy table showing the actual accuracy data

Row Labels -7 Average of % accuracy

-/Budget 5.7%
Budget 5.8%
Model 3.7%

-IFlash 5.0%
Budget 6.1%
Model 2.8%

Grand Total 5.2%

Budget model is used for mid-term, Model is used for short term.

Under the grand scheme of accuracy parameters, we are under the green flag, but the idea of granularity,
more than making it worse, with the Al planned to be involved in the future calculations we aim to be in
the 3% range.

The error calculation was made at a total absolute level.

3.Automatization

The process is currently semi-automated in Excel, and as stated before it has a lot of manual inputs and
supervision, so we always have to come back and give the number a sense of realness, from it was born
the idea to introduce a certain Al checks that allow the model to run automatically and produce analytics
itself, even learn from history and previous mistakes to not repeat them again and know what to look for,
what to do, etc.

With this whole new market structure, there are new spreadsheets updated monthly feed with market
expectations, from which the model could make several checks or even leverage from them.

The clustering analysis is another possibility, some of the markets or the accounts behave similar, and this
will potentially reduce the number of forecasts needed to be provided.

The end state of the process is to have a flexible model or set of models that reflect the actual
business/markets expectations, with low/or no supervision.
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1.6  Scientific or technological novelty or contribution

The combination of ARIMA time series in finance is not new, but the ability for any person with a
computer to run this program without even the necessity to have Python installed in your computer is a
novelty. Besides the project is saving thousands of manual work hours per year.
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2. STATE OF THE ART

The use of artificial intelligence (Al) in finance has been growing rapidly in recent years,
driven by the need for faster and more accurate decision-making, improved risk
management, and increased efficiency. Al technologies such as machine learning, natural
language processing, and computer vision are being used to analyze large volumes of data,
automate routine tasks, and provide personalized services to customers. This paper provides
an overview of the state of the art of Al in finance, including current applications, challenges,
and future directions. It also includes a review of relevant literature to support the
discussion.
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2.1

Current applications of Al in Finance [3] [4] [5]

Fraud Detection: Al can be used to detect and prevent fraud in financial transactions by
identifying patterns and anomalies that may indicate fraudulent activity. For example, machine
learning algorithms can analyze large volumes of transaction data to identify unusual patterns in
behavior, such as frequent transactions in odd amounts or at unusual times. Banks and financial
institutions are increasingly using Al-powered fraud detection systems to prevent fraudulent
activities, reduce losses, and protect customers’ assets.

Trading and Investments: Al is being used to analyze market trends, stock prices, and other
financial data to make more accurate predictions about investments. Machine learning algorithms
can be trained on historical data to identify patterns and relationships that can be used to make
predictions about future market trends. These algorithms can also identify opportunities for high
returns and provide recommendations on investments to clients. For instance, hedge funds and
other investment firms are using Al-based trading systems to analyze market trends, automate
trading, and optimize returns.

Risk Management: Al can help assess risks associated with financial transactions and predict
potential outcomes. Machine learning algorithms can analyze various types of data, such as credit
ratings, economic indicators, and financial market trends, to assess the likelihood of potential
risks and identify opportunities for risk reduction. For example, Al-powered credit risk
assessment systems are being used to evaluate borrowers' creditworthiness and determine whether
they are eligible for loans or credit.

Customer Service: Al-powered chatbots are being used to provide personalized customer service
24/7. These chatbots can answer customer queries and provide advice based on customers'
individual needs and preferences. Natural language processing (NLP) technologies enable
chatbots to understand and respond to customers' queries in a human-like manner. Financial
institutions are using Al chatbots to enhance customer engagement, improve customer
satisfaction, and reduce operational costs.

Credit Scoring: Al is being used to develop more accurate credit scoring models that consider a
range of factors, such as credit history, income, employment status, and other personal data.
Machine learning algorithms can analyze large volumes of data to identify patterns and
relationships that can be used to predict creditworthiness. Al-powered credit scoring systems are
being used to assess credit risk and make lending decisions.

Compliance: Al can help ensure regulatory compliance by monitoring transactions and
identifying potential violations. Machine learning algorithms can analyze financial data to detect
unusual transactions or patterns that may indicate fraudulent activity or compliance breaches. Al-
powered compliance systems can help financial institutions meet regulatory requirements and
reduce the risk of penalties or legal action.

Robo-Advisors: Al-powered robo-advisors are being used to provide personalized investment
advice to clients based on their risk appetite, investment goals, and financial circumstances. These
systems use machine learning algorithms to analyze client data and make investment
recommendations. Robo-advisors are becoming increasingly popular among retail investors who
are looking for low-cost investment advice.
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e Natural Language Processing: Al is being used to analyze unstructured data such as news
articles, social media feeds, and other sources of information to identify trends and sentiment
related to financial markets.

The current state of art that this thesis is leveraging from is mostly on the trading and investments as said
in Misra’s thesis: “In our analysis we found that ARIMA, GRU (Gated Recurrent Unit) and TCN
(Temporal Convolutional Network) are one of the best performing models for univariate single step
price prediction” [6]

As the values that are being predicted for this forecasting thesis are only the BS as a % of NDP the
univariable entry for prediction proved once more to work well for ARIMA model.
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3. THEORETICAL FRAMEWORK
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3.1 ARIMA [6]

ARIMA stands for Auto Regressive Integrated Moving Average. The ARIMA model is a general use of
the ARMA (Autoregressive Moving Average) remodel that is suited to explain non-stationary time-series.
The dominance of using the ARIMA model is model that coverts a non-stationary series into a series
without trend or seasonality by applying a defined number of differentiation of data points. A time series
that is stationary has its statistical properties constant over time. If the trend is not defined, its variance is
around its very similar to its mean and it has an amplitude that could consider constant. Also, its
autocorrelations are constant. Based on the below assumptions, a stationary time series could be defined
as a combination of signal and noise. The ARIMA model once you separate the signal from the noise,
outputs a single step-ahead to produce forecasts (or the immediate after value). An ARIMA model has
three components, the Autoregression (AR) component, the Moving Average (MA) component, and the
Integrated (1) differencing component. Autoregression is a type of regression in which past lagged values
determine the current value. The order of the lag can be determined by looking into the plots for
autocorrelation or partial autocorrelation. The differencing component makes the time series stationary,
and the differenced values replace the actual values. The Moving average (MA) part incorporates the
dependency between an observation and a residual error that is obtained from a moving average model
applied to lagged observations. The order of each of the three components is denoted by the terms p, d,
and g. Here p is the number of lag observations required in the AR model, d is the number of times the
raw data needs to be differenced to make it stationary, and q is the size of the moving average window.

The full model can be written as:

Equation 1. Equation of ARIMA modeling

Yy =c+ oy, +--- 4 OF,;;;_p F g+ 0g8—g + &

where y’ is the differenced series (it may have been differenced more than once). The right side of the
equation include the lagged values of y’ and the lagged errors. In the study, the ARIMA model is
implemented in Python with the help of the stat model library and the auto ARIMA library.

3.2 Cash flow [7]

Cash Flow (CF) is the increase or decrease in the amount of money a business, institution, or individual
has. In finance, the term is used to describe the amount of cash (currency) that is generated or consumed
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in each period. There are many types of CF, with various important uses for running a business and
performing financial analysis. This guide will explore all of them in detail.

Types of Cash Flow

There are several types of Cash Flow, so it’s important to have a solid understanding of what each of them
is. When someone refers to CF, they could mean any of the types listed below, so be sure to clarify which
cash flow term is being used.

Types of cash flow include:

1. Cash from Operating Activities — Cash that is generated by a company’s core business activities
— does not include CF from investing. This is found on the company’s Statement of Cash
Flows (the first section).

2. Free Cash Flow to Equity (FCFE) — FCFE represents the cash that is available after reinvestment
back into the business (capital expenditures). Read more about FCFE.

3. Free Cash Flow to the Firm (FCFF) — This is a measure that assumes a company has no leverage
(debt). It is used in financial modeling and valuation. Read more about FCFF.

4. Net Change in Cash — The change in the amount of cash flow from one accounting period to the
next. This is found at the bottom of the Cash Flow Statement.

Uses of Cash Flow

Cash Flow has many uses in both operating a business and in performing financial analysis. In fact, it’s
one of the most important metrics in all of finance and accounting.

The most common cash metrics and uses of CF are the following:

e Net Present Value — calculating the value of a business by building a DCF Model and calculating
the net present value (NPV)

e Internal Rate of Return — determining the IRR an investor achieves for making an investment

e Liquidity — assessing how well a company can meet its short-term financial obligations.

e Cash Flow Yield — measuring how much cash a business generates per share, relative to its share
price, expressed as a percentage.

e Cash Flow Per Share (CFPS) — cash from operating activities divided by the number of shares
outstanding.

e P/CF Ratio — the price of a stock divided by the CFPS (see above), sometimes used as an
alternative to the Price-Earnings, or P/E, ratio

e Cash Conversion Ratio — the amount of time between when a business pays for its inventory (cost
of goods sold) and receives payment from its customers is the cash conversion ratio

e Funding Gap — a measure of the shortfall a company has to overcome (how much more cash it
needs)

e Dividend Payments — CF can be used to fund dividend payments to investors.

e Capital Expenditures — CF can also be used to fund reinvestment and growth in the business

Cash Flow vs Income
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Investors and business operators care deeply about CF because it’s the lifeblood of a company. You may
be wondering, “How is CF different from what’s reported on a company’s income statement?”” Income
and profit are based on accrual accounting principles, which smooths-out expenditures and matches
revenues to the timing of when products/services are delivered. Due to revenue recognition policies and
the matching principle, a company’s net income, or net earnings, can be materially different from its Cash
Flow.

Companies pay close attention to their CF and seek to manage it as carefully as possible. Professionals
working in finance, accounting, and financial planning & analysis (FP&A) functions at a company spend
significant time evaluating the flow of funds in the business and identifying potential problems.

Learn more from Harvard about the difference between Cash Flow and Net Income here.

3.3 Balance sheet

Balance Sheet is the financial statement of a company which includes assets, liabilities, equity capital,
total debt, etc. at a point in time. Balance sheet includes assets on one side, and liabilities on the other. For
the balance sheet to reflect the true picture, both heads (liabilities & assets) should tally (Assets =
Liabilities + Equity). [8]

3.4 Profit and loss

A profit and loss statement (P&L), or income statement or statement of operations, is a financial report
that provides a summary of a company’s revenues, expenses, and profits/losses over a given period. The
P&L statement shows a company’s ability to generate sales, manage expenses, and create profits. It is
prepared based on accounting principles that include revenue recognition, matching, and accruals, which
makes it different from the cash flow statement. [9]

35 ARMA [11]

The ARMA model is a popular tool for analyzing and forecasting time series data. It combines two
fundamental components: autoregressive (AR) and moving average (MA) processes. The AR component
captures the dependence of the current value on its own past values, while the MA component captures
the dependence on past error terms or random fluctuations.

In an ARMA model, the current value of a variable is expressed as a linear combination of its own past
values and past error terms. By including both autoregressive and moving average components, the model
can effectively capture various patterns and dynamics in the data.

ARMA models are widely used in fields such as finance, economics, engineering, and environmental
sciences for time series analysis and forecasting purposes. They offer a flexible framework that
accommodates both short-term and long-term dependencies in the data.

3.6 GARCH [11]

The GARCH (Generalized Autoregressive Conditional Heteroskedasticity) model is a widely used time
series model that allows for the analysis of conditional heteroskedasticity, which refers to the changing
volatility or variability of a time series over time. Unlike the ARMA model, which focuses on the mean
of the series, the GARCH model focuses on the volatility or variance of the series.
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The GARCH model captures the idea that the variance of a series at a given time depends not only on past
values of the series but also on past variances or squared error terms. It incorporates autoregressive
components for the variance, similar to the AR part of the ARMA model, along with moving average
components for the squared error terms.

By capturing the time-varying volatility, the GARCH model is particularly useful in financial
econometrics, where asset returns often exhibit clustering of high or low volatility periods. It helps in
modeling and forecasting the volatility of financial assets, which is crucial for risk management and option
pricing.

3.7 Differences between ARIMA, ARMA and GARCH

The main differences between ARIMA, ARMA, and models lie in their focus and components.

ARIMA: The ARIMA model is designed to capture the dependencies in a time series while handling non-
stationarity. It includes autoregressive (AR), moving average (MA), and differencing components. The
AR component models the linear relationship between the current value and lagged values, the MA
component captures the relationship between the current value and past error terms, and the differencing
component helps achieve stationarity by removing trends and seasonality.

ARMA: The ARMA model is focused on capturing the dependencies in a stationary time series. It
combines autoregressive (AR) and moving average (MA) components. The AR component models the
linear relationship between the current value and lagged values, and the MA component captures the
relationship between the current value and past error terms. Unlike ARIMA, ARMA assumes the data is
already stationary, without the need for differencing.

GARCH: The GARCH maodel is used to model and forecast the conditional volatility or variability of a
time series, particularly in financial data. It incorporates autoregressive components for the variance,
similar to the AR part of ARMA, along with moving average components for the squared error terms.
GARCH models address the presence of time-varying volatility, which is crucial for risk management and
option pricing.

In summary, ARIMA models handle non-stationary data through differencing, while ARMA models
assume stationarity. ARMA models focus on capturing dependencies in the mean of the series, while
GARCH models focus on modeling the volatility or variability of the series. The choice between these
models depends on the characteristics of the data and the specific aspect of the time series being analyzed
or forecasted.
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4. METHODOLOGY DEVELOPMENT

The process of creating a systematic approach or method for conducting research, problem-
solving, or achieving a specific goal. The methodology provides a framework that outlines
the steps to be taken, the tools and techniques to be used, and the data to be collected and
analyzed.
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4.1 Requirements

The system to be developed will primarily cater to the needs of the Contra Revenue analyst, who is
responsible for ensuring that the company's revenues are accurately reflected in the financial statements.
One of the key issues that this system is expected to solve is the need to adapt the forecasting model to the
latest business requirements, specifically by moving towards market and category level forecasting. By
doing so, the system aims to minimize the time required for forecasting and allow the analyst to focus
more on analysis, which is the primary responsibility of any financial analyst.

The system is designed to run seamlessly on any Windows system, with a minimum requirement of
Windows 11. From a software standpoint, the only requirement is to have Excel installed, preferably from
Excel 2013, as the output will appear automatically in an Excel format. This feature will enable the Contra
Revenue analyst to access and analyze the data easily without the need for any specialized software or
tools.

The system is developed to be highly adaptive and user-friendly. Even if changes are made to the
hierarchy, the system will not require any recommendations or changes. Instead, there will be a single
step-by-step training process to update the script only in the sections that require it. This approach will
ensure that the system can evolve and adapt to the changing needs of the business, without causing any
disruption or downtime.

The input of the Excel that will run through the Python algorithm needs to be in a specific program that
the analyst will be trained for. This requirement is crucial to ensure that the data is clean and consistent,
which is essential for accurate forecasting and analysis.

In summary, the system aims to streamline the forecasting process and enable the Contra Revenue analyst
to focus more on analysis. The system is developed to be highly adaptive, user-friendly, and compatible
with any Windows system. By using Excel as the output format, the system ensures that the data is easily
accessible and can be analyzed by anyone with basic Excel skills. With a user-friendly interface and a
minimal learning curve, the system is expected to significantly improve the efficiency and effectiveness
of the Contra Revenue analyst, enabling them to deliver more value to the organization.

4.2 RACI Matrix

Responsible- Contra analyst developer and forecaster
Accountable- Contra analyst developer and forecaster
Consulted- Contra manager and director

Informed- FP&A

*The Contra analyst developer and forecaster are the 2 people in charge of the process, the
developer is the one who developed and designed the model, the forecaster is the one who
presents the information to FP&A, the rest of the RACI people are self explanatory.
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5. RESULTS AND DISCUSSION

36



5.1 Results

The clustering power of Python showed us that we could cluster accounts (figure 12):
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Figure 12. Clustering in Python result

And go from 9 accounts to only 4 clusters of accounts:

C 2569
C 2561
C 2576 2582
C Other

_cluster

-
© @ o~ B W R

The forecast decomposition showed an interested 3-month season to all the clusters, aligning to the
Quarterly statements that the company presents to stakeholders (figure 13).
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STL decomposition

Total = trend + season_3 + remainder
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Figure 13. ARIMA decomposition showing a clear seasonality of 3 months in the third graph

Then with the ARIMA clearly signal of seasonality, a forecast was made at an account level (figure 14):
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Figure 14. ARIMA forecasting result
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From here the decision was made to forecast at a total category/market level, and the allocate by clusters
of accounts, because forecasting at the account level would create unnecessary noise.

Also, the decision was made to forecast only at the end of the quarter level (month 3), because that is the
data that we need to provide and forecasting for the months in the middle would just create noise.

As explained before, the main input for the forecast is the revenue that FP&A team provides, and just to
prove that it has same seasonality as out reserve levels, the series was decomposed (figure 15):

STL decomposition
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Figure 15. Revenue decomposition showing a clear season every 3 months in the third graph

And proven to be right, the reserve is highly correlated at a total level to the revenue trend.

As not everyone knows how to use Python, the idea to have an automatic executable came to mind where
the inputs are placed and then retrieved with the results in an Excel sheet.

Input screen (figure 16):

scribe el nombre del archivo donde se encuentra la informacion{incluye la ruta compl

Figure 16. New model input showing what needs to be entered
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A: it is the input file, where the data needs to be organized in the following format (figure 17):

A E C D E F G H
1 |GBU2 Market Quarter NDP Backend BS priorBS  Payments|
2 |Business PC Solutions Greater Asia Q321 51,436M  S639M S142M 0 S5142M S639M
3 |Business PC Solutions Greater Asia Q421  51,505M 5684 M 5154M S142M S697 M
4 |Business PC Solutions Greater Asia Q122 51,780M  S5789M S156M S154M ST90M
5 |Business PC Solutions Greater Asia Q222 51,600M  5723M S161M S156M S729M
6 |Business PC Solutions Greater Asia Q322 S51,439M  S640M S169M S161M S648 M
7 |Business PC Solutions Greater Asia Q422 51,389 M S632M S167M S169M S630M
% |Business PC Solutions Greater Asia Q123 51,545M 5784 M 5186M S167M S303 M

Figure 17. Organized date for input showing the table example of the data that needs to be inputed
The user needs to respect the formats and do not over right formulas.
B: it is the output file; it is a standard format that needs to be provided and respected as well.

C: itis the coefficient needed to give, as we are always forecasting the following reserve quarter, what this
number indicates is how much (in %) is the new revenue forecast in comparison to the last, for the example
using 1.05 it means the revenue is expected to grow 5% from the prior period.

Then the executable asks for what combination of data are you looking for (figure 18):
Escribe el nombre del archivo donde se encuentra la informacion(incluye la ruta [
a)

scribe el nombre del nuewvo archiw luye la ruta completa)
; isnedav.AUTH\Downloads\sol ¥

ribe el porcentaje deseado, por favor escribe un numero enteroc o 1l
otante({decimal).
1.85
Por favor escribe el numero que deseas de los filtros, si was a ocupar varios fi
ltros, separalos con una coma,

ket :
tral and Eastern Europe

.Greater Asia
.Greater China
.India, B&SL

1
2

= o A

lorthwest Europe
8.5outhern Europe Middle East and Africa

GBU 2:

9.Business PC Solutions

18.Consumer PC

11.Mon-Supplies

12.0ther Print
.Supplies

Figure 18. Filter selection on executable

You can select as many markets and as many GBU (categories) as needed, here there are a lot of possible
combinations to make and forecast.

Once you select the combinations needed, hit enter and the program is going to automatically create the
new structure in the file you selected as the solution file in the following form (figure 19):
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Market North America |
GBU2 Business PC Solutions |-T

Values
Row Labels| v | Sum of NDP Sum of BS Sum of BS rate Bs Sum NDP Forecast  BS rate forecast Forecast
2103 $4,315,592,506.46  $654,805,081.50 15.17%  654,805,081.50 2103 $4,800,000,000.00

2104 $4,223,402,397.64  $743,646,509.06 17.61%  743,646,509.06 2104 $4,600,000,000.00
201 $4,508,536,252.79  $804,009,844.91 17.83%  804,009,844.91 2201

$4,400,000,000.00
202 $4,580,607,687.88  $818,202,139.24 17.82%  818,202,139.24 202
2203 $4,176,227,853.29  $543,116,869.11 13.00%  543,116,869.11 2203 $4,200,000,000.00
204 $4,221,798,020.76  $657,966,534.55 15.58%  657,966,534.55 204 $4,000,000,000.00
201 $3,882,839,284.67  §544,932,274.22 14.03% 504,832,274.22 14.03% 2301 $3,800,000,000.00
Grand Total $29,919,004,003.49 $4,766,679,252.59 15.93% 4,766,679,252.59 4,434,572,517.52  14.71% 2303 $3,600,000,000.00

$3,400,000,000.00

2103 2104 2201 2202 2203 2204 23Q1  23Q3

— sum of NDP  mmmm NDP Forecast t Sum of BS rate  ====BS rate forecast

Figure 19. Output of executable model

For the example, the selections were: 6,9 (North America and Business PC solutions)
We can see that the ARIMA is estimating a total reserve at the 14.71% of the revenue forecasted, historical
data sits at around 15%, so the data does make sense.

The fixed ARIMA after trying with different assumptions and auto ARIMA was (3,1,4).
As the data per Market goes as back as 2021 the data is still missing longer history, but as the ARIMA is
considering the longer period to be at 4, the data seems to be just the necessary.

5.2 Discussion

The idea of the executable is something completely useful that 1 will recommend, because not every
financial person is necessarily an Al person, nor knows how to use Python, se the beauty of this
implementation is that is easy to manager.

The ARIMA was decided to be kept as fixed after several back testing and the usage of the function auto
ARIMA, the result for the fixed ARIMA is (4,1,3).

The one-fits-all model may have variances if some of the time series have a different behavior, but in
general it will provide a great estimate of the level of reserves.

There are plenty of models such as GARCH, ARMA, AR, MA, etc., the use of ARIMA was proven to
work well with the set of data available.
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6. CONCLUSIONS
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6.1 Conclusions

The specific objectives were achieved by:

The Balance sheet forecast for Contra Revenue was experiencing a lot of manual labor invested, and
needed to be updated due to some internal market organization in HP.

Three main objectives were pretended to be achieved, which were:
-Automate the process

-Adapt to a market level forecast

-Improve accuracy

Taking advantage of the estate of art of Al applied to finance the objectives were completed.
The result is an automated executable that any analyst could use.

The use of Python for clustering and ARIMA for forecasting proved to be a valuable tool for financial
planning and analysis. The implementation of an executable program that allows users to input data and
receive forecasts in a user-friendly format is a great way to bridge the gap between those who have
expertise in Al and those who do not. The results of the forecasting showed a clear seasonality in the data,
which allowed for accurate predictions of future reserves. While there are other models that could be used,
the ARIMA model was found to be the best fit for the available data. Overall, the use of these techniques
can greatly improve financial forecasting and decision making

In conclusion, the objectives of this study were successfully achieved. By implementing the new system,
the amount of manual work invested in the calculations was massively reduced. This allowed the Contra
Revenue analyst to focus more on analysis, which is the primary responsibility of any financial analyst.
Additionally, the accuracy of the forecasting model was improved, as evidenced by the back testing results,
which showed a reduction in forecasting errors from 5.2% to 4.1%.

Another significant accomplishment was achieving the goal of having individual time series or even
combinations of categories and markets. This feature allows for more accurate forecasting and analysis,
especially when dealing with complex and dynamic markets.

6.2 Future work

However, there is still a lot of work to do. One of the primary areas of future work is to automate the
allocation down to the account level. This would further reduce manual work and enable the system to
handle larger and more complex datasets.

Another area of future work is the implementation of neural networks and auto ARIMA functions. These
advanced techniques can improve the accuracy of the forecasting model even further, especially when
dealing with complex and dynamic markets.

Furthermore, adding the rate estimation from original Flash files, as described in the introduction, would
provide additional insights, and enhance the overall accuracy of the forecasting model.
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Finally, a crucial area of future work is to create an interactive dashboard in Power Bl as a stage 2 of the
executable. This would allow the Contra Revenue analyst to visualize the data and insights more
effectively, facilitating better decision-making and analysis.

In summary, while this study achieved its specific objectives, there is still a lot of room for improvement.
The future work outlined in this paper provides a roadmap for further research and development in this
area. The implementation of these improvements would significantly enhance the accuracy, efficiency,
and effectiveness of the system, providing significant benefits to the Contra Revenue analyst and the
organization.
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