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Abstract
~

(In companies with thousands of product portfolios, sales personnel may not be aware of all details related to the contract they are working on
with the clients. To get assistance, they might open a ticket to help them better navigate the deal. For example, at IBM, the sales support staff
often requests Quote To Cash (Q2C) support and opens a new ticket called Service Request (SR) with the Q2C team, which routes the SR to the
appropriate squad. Stakeholders at different stages in the business process would benefit from forecasts around SR resolution times, to make

\Wiser business decisions. Hence, predicting time required by squads to resolve future SRs becomes an important and challenging problem. )
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provides insight into the sales support process, staffing Challenges
utilization, and recommendation for support organization “At what level should we predict
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prediction, part of CSI. level, market level or tribe level?” .
- “Which features would be the Interoperability
. SR resolution time varies because of SR complexity,  Mostuseful for the task? This work can be used in other

- "Would a monthly prediction be  gcanarios where future resources need

employee skills and availability, SR volume (workload) to th Ky ?”
and various SR features, such as the market (tribe), sub- ':%Ohre clzdccura € CC;.n awee hy. | to be managed based on forecasts, such
brand (business subdivision) and engage-option ould we predict for the long 5 gunply’ chain management or

re/post sales) term or for the short term?” warehouse capacity computing

Methodology
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Step 1: Feature Engineering Step 3 : Analytics 2020-01-19 00:00:00 249 6193.76
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Results and Future Vision
MAPE Distribution Sample Results Future Vision
> 0.30 ombination = : Rollin indow = N . . .
N soppp [T EHER = SEELEIRED. T Hindow =3 - Regression methods, Experimenting with Prophet
o Y ' 28000 - Volume as a regressor, Boxcox transformation
2000 - Holiday and seasonality adjustment
Amongst 100 combinations o - Using categorical features as embedding regressors
of tribe-subbrand-engopt 22000
<=0.20 j:(:;z — ;ctzalta;g s:ua;i tl;n:zme . ﬂ
Conclusion and Business Impact -
e Model succeeds in predicting for >228000 1o00o CoMbination = CEE_HARDWARE_ROM : Rolling Window = 2 F]
. —— actual avg squad time 6000
SRS Wlth I.eSS than 20% error 9000 predlczed_g;vg_sql;ad_tlme
« Dynamic window, outlier substitution o000
insufficient data dealing techniques o
Improve results 5000 J\ /
« Formulated model incorporated in CSI 4000 \
pI‘OjeCt and belng accessed by Q2C team 2000 2292% Mar Apr May Jun Jul Aug Oct 2018 Jan 2019 Apr 2019 Jul 2019 Oct 2019 Jan 2020 Apr 2020
References WEEK
[1] Co-intern Bing Zhang’s Project : Demand Forecasting of Service Request Volume [4] https://www.uky.edu/~dsianita/300/forecast.html[2] Perry, Marcus. (2010). The Weighted Moving Average
[2] Perry, Marcus. (2010). The Weighted Moving Average Technique. 10.1002/9780470400531.eorms0964. [5] Taylor SJ, Letham B. 2017. Forecasting at scale. PeerJ Preprints 5:e3190v2
[3] https://en.wikipedia.org/wiki/Moving_average#Weighted_moving_average [6] https://en.wikipedia.org/wiki/Mean_absolute_percentage_error

Email: rohitmujumdar@gatech.edu | rohit@ibm.com | LinkedIn:in/rohitmujumdar | Twitter: @MujumdarRohit



mailto:rohitmujumdar@gatech.edu
mailto:rohit@ibm.com
https://www.linkedin.com/in/rohitmujumdar
https://twitter.com/MujumdarRohit

