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One-page executive summary

The project focused on solving the situation that US Sales leaders in Nuqleous may
struggle with fluctuating demand and ineffective perishable goods allocation due to unknown
future sales under different purchase channels.

To optimize perishable goods allocation for Nuqleous, we developed several models to
better understand product sales across 4 purchase channels and stores in different locations
by analyzing sales trends and forecasting next month’s weekly demand.

The data source we used is from Nuqleous’s daily historical sales. It comprises 1.8 million
records with roughly two years of data. In this project, we focused on the sales prediction of
the top-selling item, SKU number 1765845, across the 4 purchase channels and among
different stores in the US over the past two years.

Our data-driven forecasting solution is briefly described below.

Since our goal is to forecast the demand for the top-selling item (SKU number: 1765845),
we first clean the data we needed, including combining this and last year's data,
transforming daily data into weekly data, filling the gaps with no sales data, looking deep into
unusual peaks, and then use reasonable ways to make the data tidy and able to run
forecasting. Next, we applied 8 time-series models to each of the 4 purchase channels while
considering the sale trend and seasonality at the same time. Then, we found the one with
the best forecasting results under each purchase channel. Lastly, we applied those best
models to forecast the weekly sales of each purchase channel for the next 4 weeks, which is
our main goal of this project!

After finding the best forecasting tools and results, here are our recommendations.

Since the “In-store purchase channel” and the “Store-pickup purchase channel” have an
overall decreasing trend from the forecasting plot, Nuqleous sales leaders have to be very
careful if they would like to place more goods than the previous period in the future. Besides,
it is necessary to evaluate these stores’ sales, especially for the stores with dramatically
dropped sales these years. If the ability to earn money for some physical stores were lower
due to the change in customers’ purchasing habits, Nuqleous can also think of gradually
switching some investment to purchase channels like “store delivery channels”, which had a
growing sales trend these years.

In contrast, the “store delivery channel” has a clear upward total sales trend, which tells us
this purchasing channel has the potential to earn more money for Nuqleous. However, the
company still has to prevent ordering too many goods at a time because the overall growing
trend does not promise the same increasing sales each week, instead, the sales always
fluctuate.

At last, the “Online (Shipped from Store) channel” has an apparent fluctuation in sales
trend and also the lowest total sales amount among the 4 purchase channels. We’ve found
that the forecasting sales had a high correlation with the sales exactly a month (4 weeks)
before that day, which can be taken into consideration when making decisions.

Overall, this project aims to assist Nuqleous in grasping the sales trend more accurately in
the future in a data-driven way. This kind of tool can help when making ordering decisions
and product allocation.



Detailed Report

3.1 Problem description

This project is in collaboration with Nuqleous. Founded in 2013, Nuqleous is a leading
developer of intelligent technology solutions that provides retail space planning and
performance analytics software to drive retailer’s success. Our primary business objective is
to assist Nuqleous in gaining a deeper understanding of sales trends, especially regarding
the allocation of perishable goods across different purchase channels and building numbers.
Due to perishable goods’ short shelf life, efficient allocation is crucial. Our studies can benefit
Nuqleous from meeting the demands and avoiding wasting in a data-driven way.

The main forecasting goal is to forecast weekly sales quantities for one product and predict
the demand for each purchase channel in the upcoming month.
The strategy goal is to enable suppliers to proactively stock up for each purchase channel,

optimizing their supply chain operations. The advantage of this goal facilitates the dynamic
allocation and recruitment of manpower, including delivery drivers and clerks, as well as the
efficient deployment of delivery trucks. Additionally, understanding the sales percentage
across various channels provides valuable insights for the sales leader's decision-making.

3.2 Data description

The source of our forecasting data is from Nuqleous, and the data is from a large retailer’s
operational sales data. We specifically focus on one of the perishable goods’ sales, with the
most sales records in the data set from the 15th week of 2021 to the 12th week of 2023. We
think this item is the best choice to predict, for having the least holes data in our time series
and full four purchase channels. This dataset measures essential variables, including sales
information, as well as details on all building numbers and dives into four purchase channels.
The temporal scope of the data spans from the 15th week of 2021 to the 12th week of 2023.
One thing that needs to be noted is that since the data from the 13th week of 2022 to the 14th

week of 2022 are missing we create this duration of data by TSLM. To provide a
comprehensive view of trends and patterns over this period. At last, we combine our daily
data into weekly data. In total, our dataset comprises a substantial volume of information,
with a time series length of 98 weeks.
Since the business goal is to forecast the data for next month, we plan to do the forecasting

once at the end of a month. The graph below shows the time series of item 1765845, our
target perishable goods in this project, in four purchase channels and the sample 10 rows
per series.

3.3 Brief data preparation details and key charts

There are 16 attributes in our Nuqleous dataset which respectively are SKU Number,
Building Nbr, Purchase Channel, Date, Day of Week, Week and Year, Store Format, State,
Store Zip Code, This Year's Sales ($), Last Year's Sales ($), Sales Quantity, Average Price.
Because we want to investigate the most frequent sales item in the data set, we looked into
SKU numbers and found that one of the perishable goods, item 1765845, has the most
records in our dataset. To forecast the demand for products of 1765845, we choose the



columns of Building Nbr, Purchase Channel, Date, This Year's Sales Qty, and Last Year's
Sales Qty, to get the daily demand data across different stores.
The first issue we found is, there are multiple holes in our Online purchase channel time
series. After investigating the data we found that most of the time T is 0 in this Online
purchase channel. So we filled the gaps in the series with 0.
Then, the next problem we met was that two unusual peaks were happening on April 1st

and 2nd (Picture 1-a 1-b) We applied the center moving average to smooth the time series
and remove peaks. The original temporal scope of the data spans from the 15th week of
2022 to the 12th week of 2023 and the 15th week of 2021 to the 12th week of 2022. Then
we use the TSLM to forecast the missing value between the gap of two years (Picture 2-a,
2-b). Finally, since we wanted to forecast the weekly demands, we aggregated the daily data
into weekly, which made the series have 365/7 seasons.
Before diving into the forecasting methods, we use the decomposition to understand which

model or setting of the model is better. In our daily data, we found a strong seasonality with
week. (Picture 3-a). Because the length of our time series is less than two years, which
means less than two periods, we can’t apply the classical decomposition to our weekly data.
We try ACF and PACF to see the strong correlation between lags in different series, finding
there is a strong correlation between lag 3 or 4, and lag 52, which means the seasonality
might have 4 seasons (approximately 1 month) or 52 seasons (approximately 1 year)
(Picture 3-b, 3-c)

3.4. Forecasting solution

In the forecasting method, we first partition data into the training period (2021 W15-2023
W08, 76 weeks) as well as the validation period (2023 W09 - 2023 W16, 8 weeks). We make
the validation period longer to ensure that our model can have higher accuracy. We do the
forecasting by using the following model. Naive, Seasonal Naive using lags, Regression with
trend and seasons, Auto Arima, Auto Arima with stepwise, Neural Network. Arima with lags.
We chose parameter (2,1) by examining ACF and PACF plots of the differenced series.
Noticeable peaks at lags in ACF suggest the order q, while spikes in PACF suggest the
order p. Moreover, the seasonal cycle we are assuming in SNAIVE, TSLM, and neural
network models is all equal to 4 weeks (Picture 4).
We analyze the relative accuracy in the training period and validation period (Picture 5-a,

5-b,5-c). When we look at the graph of the fitted value, the residual values (Picture 6-a, 6-b)
in the training period, and the validation period, to avoid overfitting, we decided to take the
prediction intervals, fitted and predicted value plots under different models, and RMSE value
into consideration to find the best model of the 4 purchase channels.
So we get our best model in these four purchase channels in time series (Picture 6-c).
The approach we employ to determine the best model involves an initial assessment based

on the RMSE, followed by an examination of the corresponding graph (Picture 6-d). In cases
where predictions exhibit significant inaccuracies, as indicated by an unappealing graph for
the model with the minimum RMSE, such as in the case of Store delivery, we then shift to
directly identifying the model that best fits from the graph (Picture 6-d).

3.5. Time plot of series with future forecasts, for key series.

Then we apply the roll-forward to generate the future series. Pictures 6-d, and 7-a show the
results for future forecasts from the best model we select. Models are compared based on



their relative accuracy in both the training and validation periods. We used 8 time-series
forecasting models to train and validate our data and finally selected the best model to
generate future forecasts. For “In-store” and “Store pickup” purchase channels, the best
model is TSLM without specifying trend and seasonality which is autoregression. For the
“Online purchase channel”, the best model is ARIMA stepwise. For the “Store delivery
purchase channel”, the best model is a Neural network.
Picture 8-b shows the validation period with actual values. The colors in the smaller intervals
represent a 95% confidence level, while the larger intervals represent an 80% confidence
level. The black line represents the actual values. The label in the bottom left corner
indicates the confidence intervals for different models. From the figure, it can be observed
that almost all selected models fall within the 95% confidence level, indicating that the
chosen models are highly accurate.

3.6 Conclusions and operational recommendations

Here are some advantages and limitations of our project. For advantages, First, we use
weekly updates to provide timely insights into sales trends, which fits the industry standard.
Second, we select the best-performing models to ensure accurate and reliable forecasting
results. Last, we consider forecast variance, contributing to a detailed understanding of data.
However, there are still some limitations in this project. Since we only have data for around

two years(the 15th week of 2022 to the 12th week of 2023), some historical context will be
limited. Second, we lack Specific Sales Events Information. Such as weather impacts, limits
the ability to control external factors. Third, concerning markdown dollars, discounts may be
embedded in the data, making it challenging for us to isolate the pure effects originating from
regular prices across the four purchase channels. Last, there are some unknown reasons for
missing values in Online purchase channels that also complicate analysis.

Here are our operational recommendations. First, we utilize roll-forward results to
understand sales implications in specific channels for the next four weeks. Second,
emphasize the dynamic nature of the data and the need for continuous monitoring in the
future. Lastly, we provide specific channel-based suggestions. For the "In-Store" and "Store
Pickup" channels, characterized by an overall decreasing trend in the forecasting plot,
exercise caution when considering additional product placement in these low-sales stores.
Consider reallocating funds to growing channels like "Store Delivery" based on sales trends.
In the "Store Delivery" channel, there is a clear upward total sales trend indicating the
potential to contribute more revenue, but avoid overordering due to potential sales
fluctuations. In the "Online" channel, there are apparent sales fluctuations, and it has the
lowest total sales among the four purchase channels. Consider the high correlation between
forecasting sales and sales exactly a month (4 weeks) prior when making decisions. Since
forecasting will be conducted for the next four weeks, it will be performed once every four
weeks to generate data for the upcoming month.

Our project addresses Nuqleous' challenge of managing fluctuating demand and optimizing
perishable goods allocation across different purchase channels. Leveraging data-driven
forecasting models, we focused on identified trends in the In-store, store pickup, store
delivery, and Online (Shipped from Store) channels. Overall, this data-driven approach aims
to enhance Nuqleous' ability to forecast sales trends and make strategic ordering and
allocation decisions in the future.



3.7 Appendix:

Picture 1-a: there are obvious peak values in 2023-04-01 and 2023-04-02



Picture 1-b: after removing the peak, the data becomes more rational.

Picture 2-a: the gap between two years of data.



Picture 2-b: the gap between two years of data(focus on the missing period).

Picture 3-a: Decomposition of daily data. There is a strong seasonality in a week,
particularly evident in the In-Store series. Additionally, we observe the trend looks like
the sin and cos routine. The uncertainty of residuals in the In-Store series is relatively
high, suggesting a likelihood of greater variability compared to other series.



Picture 3-b: the ACF plot of different weekly sales data time series.

Picture 3-c: the PACF plot of different weekly sales data time series.

model(
naive = NAIVE(TotalSales),



snaive = SNAIVE(TotalSales ~ lag(4)), # lag is decided based on decomposition
result
ets = ETS(TotalSales),
reg = TSLM(TotalSales ~ trend() + season(4)),
arima.stepwise = ARIMA(TotalSales), # this takes very long (~10 min)
arima.search = ARIMA(TotalSales, stepwise = FALSE),
nn = NNETAR(TotalSales ~ AR(p = 4)), # neural network
arima.lag = ARIMA(TotalSales ~ pdq(fixed = list(ar1 = 2, ma2 = 1)))
)

Picture 4: Forecasting models.

Picture 5-a: the accuracy of each model in the training Period.



Picture 5-b: the accuracy of each model in the validation period.

Picture 5-c: the report of each model.



Picture 6-a: The fitted and predicted value in both training period as well as validation
periods.

Picture 6-b: The residuals in both training periods as well as the validation period.



Picture 6-c: Best model in different series(four purchase channels) using only the
lowest RMSE.

Picture 6-d: Rechange the purchase channel of store delivery through the
performance by seeing through the graph to get a better performance. According to
the Picture in 6-b, we choose the NN model as the best model





Picture 7-a: the accuracy in each roll-forward model (Partial Result).

Picture 8-a: Total sales from Store pickup and In-Store channels in different stores.

Picture 8-b: Total sales from Store Delivery and Online (Shipped from Store) channels
in different stores.



Picture 9-a: Confidence interval of each purchase channel. The colors within the
narrower intervals signify a 95% confidence level, whereas the broader intervals
indicate an 80% confidence level. The black line represents the actual values. The
label in the bottom left corner denotes the confidence intervals for different models.

Picture 9-b: Confidence interval of each purchase channel with eight models.


