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Executive Summary 

Heatwave is a swimsuit e-commerce seller on the Tmall.com. They designed and manufactured                         

their swimsuits and sell them on the Tmall platform. In this project, our team collaborated with                               

Heatwave to work on the forecasting job of predicting swimsuit sales for the next month to assist                                 

in inventory management. 

The goal of Heatwave is to estimate the future inventory and decide the number of products to                                 

put into manufacture for the next month. Moreover, they would also like to adjust their marketing                               

strategies through forecasts. For instance, they would put promotions on the products if the                           

forecasts are lower than their expectation. 

In the beginning of the project, the data pre-processing took us lots of time and we made a big                                     

effort on integrating two sources of data. The data quality was low and inaccurate. Eventually, we                               

got only 19 months of sales data in total. 

We then focused on the top 5 products and generated forecasts using both monthly and daily                               

data. The seasonal naive model was chosen as a benchmark to compare with other models. We                               

found that seasonal naive actually worked best for the monthly data. On the other hand, the                               

arima and ets model performed well in the daily data. 

In the implementation phase, we ran into several difficulties. First, Heatwave lost the majority of                             

their historical data during the platform transition, causing the short length of data. Secondly, the                             

low quality and inconsistency of the data made it hard to pre-process and integrate, which cause                               

some losses of data. Thirdly, we were unable to forecast newly released products due to the                               

short data length. Lastly, the characteristic of the short product cycle in the swimsuit industry                             

makes the dataset relatively short in nature, the forecast will work only if the data can be                                 

processed and delivered immediately. 

In summary, we suggest Heatwave do the followings: 

(1) Save the data periodically to retain the data autonomy (ownership) and data quality. 

(2) We found similar patterns between new and old products. The company can use the                           

sales of old products as part of the ingredient when forecasting new products with a                             

similar pattern. 

(3) Modify models as the datasets become longer. The company can have more precise                         

insights into the product life cycle. Eventually, reaching the goal of lean production. 

(4) Make decisions not only with the forecast value but also manager’s domain knowledge. 

1 



 

 

Problem Description 

Background 

The company we collaborated with is Heatwave, a B2C swimsuits seller on a Chinese                           

e-commerce platform called TMall. They self-designed and self-manufactured their own                   

swimsuits. Our forecast job is to generate forecasts of the swimsuit sales for the next month. The                                 

biggest challenge Heatwave is currently facing is that they had limited knowledge about how                           

much to manufacture for the next time and when to put promotions on certain products. Their                               

decisions were mostly made upon their past experiences and domain knowledge. However, our                         

client experienced a data loss around one and a half years ago when switching platform, the data                                 

we received is relatively short, which became our biggest obstacle in this project. 

Business Goal  

As a result, the business goal of Heatwave is two-fold: 

1. Adjusting the amount of manufacture, and managing inventory in advance 

2. Deciding whether to put promotions on certain products according to the forecasted                       

sales each month 

If the forecasted sales of the products next month are lower than the current month, they might                                 

adjust the amount of manufacture or put promotions on it on the TMall platform. If a product is                                   

already on promotion but the forecasted sales are still low, they might consider putting more                             

promotion on it or simply take off all the promotions and focus on other product. 

The forecasting result will be considered successful if we accurately forecast the sales numbers                           

for the next month. Besides, Heatwave prefers a slight under-prediction than over-prediction,                       

which may trigger promotional events more easily and keep the inventory low, which aligns with                             

the goal of lean production. 

Forecasting Goal 

Our forecasting goal is to forecast the total sales of the certain type of swimming suit for the next                                     

month, which is a predictive goal. The time index “t” represents the month and “t=1” represents                               

the first-month data are able to acquire in the series. “yt” represents the actual sales number at                                 

the time “t”. The forecast horizon “k” is 1 month. The forecast result is expected to be updated at                                     

the end of every month. The data is updated daily, so at the time of prediction, we can get last                                       

month sales numbers.  
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Data Description & Pre-processing 

Our data came from two sources: Sheng-Yi-Can-Mou and TMall’s analytic platform. By integrating                         

these two sources, we acquired sales data from April 2017 to November 2018 at both daily and                                 

monthly scale. During the integration, we ran into several difficulties, including the inconsistent                         

data format from two sources and product identification codes that do not match. The detailed                             

data problems are listed in the appendix. We present the problem of data quality and the                               

integration of data down below.  

Data Quality And Limitation  

We hoped to forecast the sales of the next month by integrating the two sources of data.                                 

However, the data from TMall’s analytic platform is not very reliable and precise. The low data                               

quality brought many difficulties when combining two datasets. The followings are the description                         

of the difficulties. 

To begin with, we could only acquire monthly data after Nov 2017 and daily data after Aug 2018                                   

in the Sheng-Yi-Can-Mou while we have the data from April 2017 to November 2018 in the TMall’s                                 

analytic platform. Then, we found that the number of orders and products are inconsistent in two                               

sources, hence we could not directly combine two datasets. Furthermore, product names are                         

displayed differently in two sources and some products are with different product identification                         

numbers. We found 1314 records that are missing product identification number; hence are                         

regarded as missing values. 

As a matter of the above reason, our data quality from April 2017 to July 2018 is relatively low due                                       

to the shortage of data. However, we still need these data to help us generate forecasts. Despite                                 

some inaccuracy of the data, we still find some sales patterns in the data and we think it’s very                                     

helpful. 

Integrated Data 

Result from many missing and incomplete data occurred during the integration, we chose five 

products that have a relatively more complete dataset. We look at the data in both daily and 

monthly scale to capture different patterns of data. The daily data starts from 2017-04-22 to 

2018-12-18 with a period of 7 days and monthly data starts from 2017-05 to 2018-11 with a period 

of 12 months.  
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Monthly Data  Daily Data 

   

Forecast Solutions 

We used 48 days for daily data (from 2018-11-01 to 2018-12-18) as the validation set and use the                                   

rest of the data for the training set. During the exploration phase, many forecasting models were                               

considered and applied on the dataset and compare forecast errors of each model (all models                             

will show in evaluation table). We try the dataset at both daily scale and monthly scale to capture                                   

both weekday-weekend and winter-summer patterns. We found out that the model in monthly                         

data is overfitting and is easily to be over-forecasted. Considering the business goal, Heatwave                           

would rather under-forecast the sales rather than over-forecast. Therefore, we thought the daily                         

forecast will more suitable for them to conduct. The daily forecast is shown down below. For the                                 

monthly forecast, please refer to the attached appendix. 

We discovered the sales on Nov 11 and Dec 12 are extremely high compared to the neighboring                                 

days due to the platform’s “double eleven” and “double twelve” campaigns, thus we removed                           

these outliers from the daily data. We used seasonal naive as the benchmark. 

Daily Forecast Result Plot  The best model: ARIMA 
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Evaluation 

Daily 
RMSE  Naive 

sNaive 
(Benchmark)  ets  regression  arima 

nnetar with  
external data 

ensemble 
(snaive, ets, arima) 

training 6.28 4.54 3.32 5.54 3.29 10.72 3.72 

test 28.8 1.51 1.00 3.64 0.98 16.49 1.16 

According to the forecast chart and RMSE table, we can infer that for the daily data, the ets model                                     

and arima model perform equally, because the ETS(A, N, N) and the ARIMA(0, 1, 1) are very similar                                   

to each other. We recognized some high peaks in daily data are not captured by the models. The                                   

ensemble doesn’t work because all models tend to under forecast. 

Limitations 

Our biggest limitation is the shortage of data. It’s pretty difficult to forecast monthly sales with 

only 19 months of data, especially when there’s a clear summer-winter seasonal pattern. 

Moreover, the swimsuit product has a short product cycle. It’s natural that swimsuit products 

usually won’t sell more than 2 or 3 years except for classic types; hence resulting in short periods 

of data. On the one hand, products with a longer period of data might be out of the market soon. 

On the other hand, new products usually do not have enough data to generate accurate 

forecasts. Furthermore, we are not able to forecast fashion trends. 

Recommendations 

In summary, we have the following recommendation for our client - Heatwave: 

1. Use the daily data with a forecast horizon of 30 days and aggregate them to form a                                 

forecast of total sales for the next month. If Heatwave could renew their data on the daily                                 

bases, then they might have a in-time database with high data quality. Which would help                             

with their forecast as well as to lower the horizon  and make a more precise forecast.  

2. Save the sales data at the local server periodically to retain the data autonomy                           

(ownership) and quality. 

3. Compare similarities between newly released product and the old product. There might                       

be similar patterns that are helpful for decision making. 

4. If the data is long enough in the future, Heatwave can probably have the better                             

understanding of the product life cycle, which can help with the inventory management,                         

with the goal of reaching lean production. 

5. Incorporate the domain knowledge into the forecast results in order to make better                         

decisions.   
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Appendix 

Integrating Two Sources of Data 

Our final data for forecast are integrated from Sheng-Yi-Can-Mou and TMall’s analytic platform. 

During the integration, we ran into several difficulties, including the inconsistent data format from 

two sources and data that don’t match. Here we present the detailed data descriptions in two 

sources. 

Data from Shen-Yi-Can-Mou 

We collected data from the top 16 products in recent years, including daily sales, monthly sales, 

product names, and product IDs. However, we only have daily data from 2018-07-28 to 

2018-12-18, which is a very short series to generate a useful forecast. 

Daily data from Shen-Yi-Can-Mouê Monthly data from Shen-Yi-Can-Mouêê

 
 

Data from TMall’s analytic platform 

After discussing with Heatwave, we found more data from another platform. However, because 

they had a platform transition, we couldn’t get data before May 2017. We acquired two lists of 

data that are related to product sales. 

Order list dataê

The order list includes the order number, timestamps for each order, products names in an order, 

price, and the number of products in an order. There might be multiple product names in an order 

and lack of product identification number. 

 

6 



 

 

Item list (order detail list) dataê

The item list includes the order number and the products bought in a specific order. Product 

details such as name, price, amount, identification number, colors, etc are included. Each row 

only presents one item in an order. Timestamps are missing in the item list. There are fewer 

orders in the item list and the data is more incomplete.

 

Integrated Data 

Because many missing and incomplete data occurred during the integration, we chose five 

products that have a relatively more complete dataset. We look at the data in both daily and 

monthly scale to capture different patterns of data. The daily data starts from 2017-04-22 to 

2018-12-18 and monthly data starts from 2017-05 to 2018-11. 

Monthly Data  Daily Data 
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Preprocessing Method 

First we deal with the order list and the item list. We try to match all product names and product 

identification number. We join two list but there still has many missing value. After preprocessing 

them, we miss 1314 records because we can not find the product identification number. Although 

we get many missing value, we still get some useful data and that’s helpful for our forecast. The 

following is the process of data preprocessing:  

 

 

Forecasting Solutions using Monthly Data 

Monthly Forecast 

We use the data of the last three months as the validation set and others for training set. We tried 

some models which we show the RMSE results in the evaluation table below. We chose some 

models and plotted the results. 
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Monthly Forecast Result Plot 

 

Evaluation 

Monthly 
RMSE  Naive 

sNaive 
(Benchmark)  ets  regression  arima 

ensemble 
(snaive, regression, arima) 

training 136.11 121.46 131.99 40.13 102.06 87.89 

test 170.73 38.88 174.28 41.64 99.33 59.95 

According to the forecast chart and RMSE table, we can infer that for the monthly data, the                                 

sNaive has the best performance. The regression model seems to perform well, but we can see it                                 

overfits in some months from the residuals plot below. 

 

Moreover, the ensemble doesn’t work because all models tend to over-forecast. Because of the 

shortage of data, the model is easy to overfit. Therefore, we recommend using daily data for 

forecast and avoid over forecasting the sales. 
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