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Abstract 
 

 

Increasingly, the manufacturers and third-party sellers sell their products online at large e-commerce 

platforms. A good forecast is necessary to avoid resource wastage in the form of over-production or 

underserved demand. Sensing the demand for a new product on e-commerce platforms in the presence of 

other competitive products requires techniques beyond traditional forecasting methods. Typical e-

commerce platforms, being a two-sided marketplace, need to make a trade-off between showing very 

relevant and trusted products versus exploring new selections. As customers heavily rely upon organic 

search functionality for product discovery, the demand forecasting for products depends upon signals from 

search algorithms. In this paper, we propose an end-to-end Deep Learning (DL) based solution to estimate 

new product demand. Our design science research (DSR) approach involves the use of search ranking 

algorithm and its features to simulate the impressions of new products in the presence of existing products 

and vice versa. This approach helps to estimate demand using simulated search funnel metrics to bake in 

competitive characteristics of other products.  

 

 

Keywords: deep learning, simulation, new products, cold start, product recommendation 
 

Introduction  
 

Several e-commerce platforms are two-way marketplaces where end customers buy products listed by 

sellers. The dominant channels for product discovery of the products are organic search and sponsored ads.  

However, discovery of new products on e-commerce platforms is a challenging problem due to heavy 

reliance of search functionality for product discovery as it is optimized to surface already established 

products (Cao & Zhang, 2017). The ranking algorithms in e-commerce platforms use historical customer 

actions such as clicks, purchases on the products as proxy for relevance.  

 

These historical signals are either absent or limited for new products, and hence the discovery of new 

products is improbable via search algorithms. We rely on the intuition that demand of any product on e-

commerce platform is highly correlated with impressions on the same and similar products. Hence, the 

important features for demand forecasting model in a two-side marketplace setting are search funnel metrics 

- impressions, cart-adds, clicks, and purchases. As these features are not accrued for new products, the 

demand forecasting for the new products is a nontrivial problem. Therefore, the mechanism of launching a 

new product on e-commerce platform requires a solution that addresses the missing feature values of search 

funnel metrics used in the conventional demand forecasting model in order to get high confidence demand 

estimates for new products (Abou et al., 2022). An established method of estimating the demand for a new 

product is the Delphi method using human judgement. This method appeals less when new product demand 

is to be estimated at scale in context of a two-sided marketplace (Dai & Huang, 2021). The alternative 
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method of test marketing that requires to launch the new products in a limited capacity is both time 

consuming, operational heavy, and prone to make incorrect decisions. 

 

Design science research is an “important paradigm of Information Systems (IS) research” (Gregor & 

Hevner, 2013) with publications in Issues in Information Systems (Bovee et al., 2020).With the passage of 

time, this valuable method was less understood. Design science papers such as Gregor and Hevner (2013) 

have redefined the method. Earlier papers such as Hevner and Park (2004) had defined the method, and 

also delineated the steps in the design science method. Unlike the behavioral science method, which is 

concerned with theory development and theory testing, the design science method endeavors to create novel 

artifacts (Hevner & Park, 2004). We utilize the guidance in these key papers related to design science 

research.  Hevner & Chatterjee (2010) also provide direction to research on design science. Based on these 

papers, we set to design a better method for new product demand estimation.  

 
 

Background and artifact 

 
In the retail industry, two-sided marketplaces such as Walmart, Amazon, eBay, etc. enjoy more than 40% 

market share [https://www.statista.com/statistics/274255/market-share-of-the-leading-retailers-in-us-e-

commerce/]. These marketplaces aggregate the demand at their real estate, i.e. brick-and-mortar stores and 

websites, and fulfil it with a large selection of products that are sourced from manufacturers or third-party 

sellers. In addition to foot traffic, the customers visit their websites to make purchases. In online settings, 

customers reveal their intention for purchases in the form of search queries. Based on various product 

features, the underlying ranking algorithms display the most relevant products to the end customers. The 

listing of search results is dynamic with response to a customer’s queries and depends upon several factors 

such as timing, customer’s location, product availability, pricing, etc. (Santu et al., 2017). Due to 

marketplace dynamics, the search funnel metrics such as clicks, views, purchases at product and query level 

have proven to be significant features in demand forecasting models.  

 
 

 
Figure 1: Search impression dependent demand cycle 

 

For e-commerce platforms, the search algorithms are the most important technological components that 

drive revenue (Li, 2024). The forecasting process, as depicted in Figure 1, leverages customer actions such 

as clicks, cart-adds, purchases, reviews, etc. as some of the important features. As these e-commerce 

platforms provide a huge selection of products (billions of products), it is difficult to estimate a high 
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confidence forecast at SKU level. In e-commerce setting, the hierarchical forecasting method is well-

accepted method to have a high confidence forecast at high product categories/groups and then trickled 

down at product type, brand, and SKU level (Bandara et al., 2019; Ren et al., 2020). As demand at an e-

commerce platform can be inferred from keywords used by end customers, the search funnel characteristics 

such as keyword volume, clicks, cart-adds, and purchases are key features used in the forecasting process 

(Mitra et al., 2022). For e-commerce platforms, the discovery of new products is a challenging problem due 

to ranking algorithm bias and established product demand cannibalization which are described in the section 

that follow. 

 

Ranking algorithm bias  

 

E-commerce platforms use ranking algorithms to surface relevant products for customer queries. These 

models are called Learn to Rank (LTR) models. However, most of the e-commerce platforms suffer from 

various type of biases that favor established products, making the discovery of a new product difficult 

(Baeza-Yates, 2018). There are many reasons for these biases: 
 

Sample bias: Sample bias is mainly related to the method of obtaining training data. When the sampling 

method systematically favors the selection of certain type of products (e.g. established products), the 

ranking model is biased in favor of these products. When new products are not represented with enough 

examples in the training dataset, the trained LTR models will not capture the patterns related to new 

products. This will result in lower position of new products in search results, reducing the visibility of these 

new products.  

 

Objective function bias: LTR models are trained to optimize the objective function, which represents the 

relevance score for query and set of candidate products. When LTR model use features such as engagement 

metrics, the new products are ranked lower due to the absence of historical customer engagement. In 

machine learning parlance, new products suffer from missing value problem on key relevance metrics. 

 

Feature bias: LTR models use the features capturing the historical relationship between query and product 

based on the temporal data. When a model gives higher weight to temporal behavioral features, the model 

will have a negative bias for new products as those behavioral correlations are missing for new products. 

 

In our solution, we have proposed to address the biases in LTR models with feature engineering while using 

the existing ranking model already deployed in production in an e-commerce setting. 

 

Established product demand cannibalization  

 

Another challenge related to new product discovery is demand cannibalization i.e. demand shift from 

established products to new products. If customers are buying established products, then introducing new 

products in the list of search results would negatively impact the sales of existing products. Many e-

commerce platforms have tried to address this problem with personalized experience to customers. New 

products appeal to a certain segment of customers who are willing to take the risk of trying out new 

products. The basic premise to address cannibalization concern is to identify and serve customer segments 

with personalized product recommendations. The reaction to novel product varies across customer 

segments. The highly attractive customer segments for new products are the ones are comfortable to shop 

around various e-commerce platforms for their product needs. Serving the need of these customers would 

enhance new product discovery without impacting the sales of existing popular products. In the long run, 

new products bring more customers to e-commerce platform hence increasing size of the pie. This paper 
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does not delve into personalization algorithms, but e-commerce platforms use customer segmentation, A/B 

testing, and reinforcement learning frameworks to understand the personalization needs of different sets of 

customers. Reinforcement learning algorithms (Q. Cai et al., 2018) techniques such as multi-arm bandit are 

used to explore the policies determining the customers and situation to show new products.  
 

Literature review 

 
Forecasting demand for new products is more challenging compared to existing products, as there is no 

historical sales data available to indicate future demand patterns (van Steenbergen & Mes, 2020). Traditional 

forecasting methods, relying solely on past sales data, are not applicable for new product launches. Several 

quantitative methods have been proposed to forecast demand for new products by leveraging available 

information beyond historical sales data alone. Further summaries are provided in Appendix A. 

 

Smirnov and Sudakav (2021), and R. A. Trihatmoko et. al (2018) proposed a method to transfer knowledge 

from previous launches. Machine learning techniques like Random Forests, Gradient Boosting, and Neural 

Networks can combine data on product characteristics, descriptions, prices, etc. with sales patterns of 

previously launched similar products to predict demand profiles for new products. These data-driven 

approaches learn current and future demand based on the past product introductions. This technique is 

recommended when the product launch is a recurring phenomenon within the organization. Also, the 

implicit assumption is that the type of the new products is of same category as previous launches and the 

learning from the previous launches can be extrapolated for the new launch.  

 

Van Steenbergen and Mes (2020) proposed an innovative method, demand pattern-based similarity, to 

estimation the demand for new products. Methods like DemandForest use k-means clustering to group 

products with similar demand patterns, then apply ensemble models like random forests and quantile 

regression forests to forecast total demand and demand distributions for new products based on their 

characteristics. The train and test phase of the demand forest model is provided below: 

 
 

 
Figure 2: DemandForest model for predicting demand profile for a new product. Source: Forecasting 

demand Profile of new products (van Steenbergen & Mes, 2020) 

 

 

This method is suitable for complementary products where demands are highly correlated. For example, 

the longitudinal/temporal demand pattern of new vitamin D supplement is correlated with the demand 

pattern of vitamin B12 as customers generally include these two vitamins in their diet together.Both 

Smirnov and Sudakav (2021), and Van Steenbergen and Mes (2020) proposed to use the auxiliary sources 

for demand sensing for new products in a specific category. Transferring knowledge from auxiliary data 

sources like social media, online reviews, or other product domains can provide useful signals to forecast 

demand for completely new product categories. This approach is used for the online datasets to generate a 
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demand profile for a product category. This method is same as a driver-based forecasting model that rather 

utilize social media and online review signals as features. The process of extracting the features from the 

social media data is cumbersome and prone to noise. The general method to code the features from social 

media data is to model topics of interest using NLP techniques. With the help of Topic model along with 

sentiment model, the demand for a particular category can be estimated. 

 

𝐷𝑡  =  ∑ 𝛽𝑖 ∗ 𝑓(𝑇𝑖,𝑡 , 𝑆𝑖,𝑡)

𝑛

𝑖

 

Where 𝛽𝑖 is a coefficient for topic i, and  𝑇𝑖,𝑡 is volume of traffic related to i topic at time t, and 𝑆𝑖,𝑡 is 

sentiment score for topic i at time t. And 𝐷𝑡 is demand at time t. 

 

Swaminathan and Venkitasubramony (2024) explored the hybrid and qualitative approaches for new 

product demand forecasting. They observed that combining machine learning with traditional statistical 

methods or qualitative expert judgments in a hybrid approach can further improve new product demand 

forecasting accuracy. Techniques like the Delphi method and market research provide complementary 

information. Overall, the literature highlights machine learning and hybrid methods as promising 

approaches to tackle the challenging problem of forecasting demand for new products by leveraging all 

available data sources beyond just historical sales. Proper quantification of uncertainty in demand forecasts 

is also crucial for inventory and operational planning (Abou et al., 2022). 

 

The existing literature are focusing mainly on demand forecast without considering the presence of 

competitive products and cannibalization of existing product demand. We think the simulation-based 

approach would be more suitable to estimate the demand of new products with higher confidence as it 

allows to make several trade-offs related to competitive dynamics among hundreds of products available at 

online platforms. The simulations are useful tools widely adopted in industry to observe behavior of 

complex systems when running real experimentations are expansive, resource intensive, and time 

consuming (Lamé & Dixon-Woods, 2020), (Saikou Y. Dialla, 2016). 
 

 

Summary and discussion  

 
The key contribution of this paper is to provide a cost-effective framework to estimate the demand of new 

products at an e-commerce marketplace. The framework uses end-to-end product discovery funnel via 

search functionality, rather than relying on historical patterns, and highly expensive and time-consuming 

test marketing methods. In the absence of historical data for a new product, the existing methods rely on 

historically correlated proxies such as historical demand of similar products to estimate the demand for the 

new product. Our proposed approach uses simulation of search functionality with appropriate adjustments 

for new products, and hence does not suffer from the oversimplification present in other approaches. 

Moreover, our solution simulates product discovery via search functionality, and hence provides the 

flexibility of testing several marketing scenarios in an offline setting (such as availability of competitive 

products, or price changes). This flexibility is essential to understand demand estimates with a changing 

competitive landscape. 
 

Simulation based approach 

New product forecasting is a challenging problem in the retail space. Forecasting models in e-commerce 

setting uses product impressions. However, the impressions of the new product are unknown. High 

confidence imputation of new product impressions in forecasting model would result in a high confidence 

estimate for new products. To solve this cold start problem for new products, two process steps (Figure 1) 
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need to be adjusted simultaneously: 1) discovery of new products in search and 2) demand forecasting and 

availability of new products.  The proposed simulation framework (Figure 3) has following components to 

solve this problem end-to-end:  

 
Figure 3: High level design of proposed framework 

 

Product similarity model 

The crucial component in our solution design is the product similarity model to identify products that are 

semantically similar to the new product. Generally, the product attributes are stored in a mix of unstructured 

data such as text (product title, product description, etc.), images (as product images), and structured fields 

such as brand name, seller’s name, geography etc. To build an algorithm to identify similar products, we 

propose to train a Deep Learning (DL) model with multi-modal inputs (text, and images) to summarize the 

high-dimensional product information to small dimensional embedding vectors (Kornblith et al., 2019; 

Hsiao & Li., 2014) encapsulating semantics of products.  Figure 4 shows the architecture of the DL model 

that predicts the price of the product based on the unstructured and structured input data.  For similarity 

algorithm, each product is passed through the DL model so that low dimensional embedding for each 

product can be extracted while final prediction (i.e. price) is discarded (Punia & Shankar, 2022a). 

 

 
Figure 4: DL learning model architecture 
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The loss function for DL model is: 

ℒ(w) =
1

2
∑(𝑝𝑟𝑖𝑐𝑒𝑖  −  𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑖)2

𝑛

𝑖

 

Where w is models’ parameters and N is number of examples in training dataset. The DL model estimates 

the price conditioned on X features:  

Ε(𝑝𝑟𝑖𝑐𝑒/𝑋)  =  𝑓𝑢𝑛𝑐(𝑋) 

 

Based on the embeddings from the similarity model, the algorithm identifies the existing products that are 

similar to new products. We propose to use cosine similarity measurement. The cosine similarity between 

product A and B can be calculated with following formula: 

 

𝐶𝑜𝑠𝑖𝑛𝑒 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =  
𝑬𝑨  ∙  𝑬𝑩

||𝑬𝑨|| ||𝑬𝑩||
 

 

Where 𝑬𝑨 and 𝑬𝑩 are embeddings for product A and product B. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Relevant Queries for New Product 

As customers majorly use search queries to identify products for their purchase intent, we need to find 

potential queries that customers would likely use for discovery of the new product. As we get a list of 

similar products from previous step, we can find the associated potential queries related to the new product 

with graph data representing query and products. Queries and products are two types of nodes and 

clicks/purchases volume are edges in graph network (Figure 5). From the list of the similar products 

identified from the previous step, we take one hop walk on the graph along high weight edges to arrive at 

the potential queries. The edge weight represents strength of association between products and queries. 

Among all of the queries connected to a product in the graph, high-weighted queries are used by customers 

to discover the new product.  

 

Figure 5 illustrates how P1 and P2, which are similar products for new product, searchable via queries Q1, 

Q2, Q3, and Q4. The edges between products and queries represent the weighted combination of the 

customer actions such as clicks, adds, purchases, reviews etc. (W. Cai et al., 2021). 
 

 

Algorithm for selecting the similar products 

Input: S as set of products, N new product, E 

embedding matrix 

 

Initialize: L <- empty list 

Loop: for each product s  S set of products: 

if similarity (ES ,EN) > threshold: 

Add s in L 

Output: L 
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Figure 5: Graph representation of query and product mapping. P1 and P2 are two similar products for a new 

product. The thickness of edge between two nodes represents the degree of customer actions on a product for 

a query 

 

To select the potential queries for new product, the detection algorithm should traverse from similar product 

nodes to next query nodes. The algorithm will select only those queries with edge weight more than a 

threshold.   
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Feature estimate for new product 
We propose handling of missing values (imputation) only for the important features selected by LTR 

models. Several methods can be used to estimate the key features for a new product based upon similar 

product set (Naina et al., 2020). We propose to have a simple feature aggregation of customer actions upon 

the set of similar products related to new product N. 

 

 

feature(q, N)̂  =  
∑ 𝑓𝑒𝑎𝑡𝑢𝑟𝑒(𝑞, 𝑆𝑖)𝑛

𝑖

∑ 1𝑛
𝑖

 

 

Si  set of similar products related to new product N. 

 

In theory, we are estimating the prior value of the features. The posterior values of the features are updated 

based on real customer actions on new product impressions. The general technique to get the posterior value 

is Bayesian regression model. 

 

Algorithm for Top k queries for  

Input: L as set of similar products, N new product, 

G graph dataset, threshold, k 

 

Initialize: Q <- empty list 

Loop: for each product l  L set of products: 

    Loop: for each edge of ei  Wt(qi , l): 

if (ei > threshold) and (len  Q <=k): 

Add qi in Q 

  

Output: Q 
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Ranking Model Inference 

A standard scientific technique to get relevant recommendations for a user is collaborative filtering  (Yu et 

al., 2021). Collaborative filtering is more appropriate when the query intention of user is unstated and 

implicit. When user intentions are explicit, Learn-to-Rank algorithms are state-of-the-art scientific 

approaches, generally called rankers in the industry. The rankers are apt at providing ranked 

recommendations over a large candidate set of interest.  To obtain an unbiased rank of new products based 

on prior key feature values, we need to get ranker inference on a pair of query and associated product set 

that includes new products. The inference step provides a sorted list of products including new and 

established products for a given query. The mathematical formulation of ranking model is as follow: 

 

 

𝑟𝑎𝑛𝑘(𝑞, 𝑝𝑖)  =  𝜑(𝛽𝑗 , 𝛾𝑗  , 𝑓(𝑞,𝑝)̂) 

 

 

Where 𝛽𝑗 , 𝛾𝑗 are model’s parameters and 𝑓(𝑞,𝑝)̂ is predicted features for new product when P is new product. 

After inference from ranking model, we have the following dataset: (q,p,r) where q is query, p is product, 

and r is rank of product p for query q (Santu et al., 2017). 

 

Product Impression estimates 

 

The impression estimate is received from a simple linear model conditioned on product rank and other 

features along with query features. The query and product features are modeled as follows: 

 

𝐼𝑚𝑝𝑝,𝑞
̂  =  𝑓(𝛽0,  𝛽1, 𝛽2, 𝛽3 ){ 𝒓 , 𝒇(𝒑) 𝒇(𝒒)}    

 

𝐼𝑚𝑝̂ is an estimate of the impressions for product p for query q. 𝛽1 is coefficient for rank, 𝛽2 are coefficients 

for product features, and 𝛽3 are coefficients for query features. The impressions of product p are aggregated 

as following: 

𝐼𝑚𝑝𝑝 =  ∑ 𝐼𝑚𝑝𝑝,𝑞
̂

𝑞

 

 

 

Design science result: Forecasting model for new product 

 
The simulated forecast for new products and other affected products is estimated using the existing 

forecasting model having product impressions as a key feature. There are several machine learning 

techniques for demand forecasting solely based on historical demand such as ARIMA models, deep learning 

based models (Salamai et al., 2022), and collaborative filtering (Punia & Shankar, 2022b), however our 

approach uses a driver based models (Smirnov & Sudakov, 2021).  The formulation of the forecasting model 

is: 

ℱ =  ∑ 𝛽𝑚 ∗  X𝑚

𝑚

 

 

Where X𝑚 = variable variant  and 𝛽𝑚 is the coefficient of  variable. One of the features in  X𝑚 is 

impressions for the product. The demand forecast of new product is estimated from the product level multi-

variate model conditioned on several features rather than relying solely on historical trend. More often, the 

demand at category level such as 'shoes' needs to be estimated first for planning purposes. Hierarchical 
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demand forecasting models are generally used where the features are aggregated at category or location 

level. The change in demand at category level can be estimated with help of features such as share (%) of 

new products, product age distribution, and price ratio of new products versus old products etc. in the 

hierarchical models. 

 

Evaluation Framework 

Generally, forecast quality is evaluated with the accuracy metric (Wei et al., 2017). The overall framework 

has several machine learning solutions to arrive at the total forecast, hence performance of each component 

should be measured separately. As the solution provides the ability to simulate the product impressions, the 

accuracy of impression prediction is important. The product embeddings for measuring the similarity 

among products is extracted through price prediction model. The evaluation metric for this model is Root 

Mean Squared Deviation (RMSD), defined as: 

 

𝑅𝑀𝑆𝐷 =  √
∑(𝑝𝑟𝑖𝑐𝑒𝑖  −  𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛̂

𝑖)2

𝑁
 

 

For evaluation of quality of the embeddings for product similarity task, we can create a golden dataset with 

following structure (product1, product2, similarity label) and generate the following contingency table: 
 

 Predicted 

Similar Non-Similar 

Actual 
Similar TP FN 

Non-Similar FP TN 

 

The evaluation metrics are precision and recall which are defined as follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑃
 

And  

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
 

 

Where TP = True Positive, FN = False Negative, FP = False Positive, and TN = True Negative 
 

Discussion 

 
This is a novel approach to estimate the demand for a new product without making changes to existing 

system components such as ranking model or forecast models. This approach allows us to bake in the 

competitive dynamic of the marketplace while estimating the demand for new products and its impact on 

the existing products. The proposed framework cleverly provides ways to understand the impact of new 

product position relative to established products in search results, generally known as ranking biases 

(Baeza-Yates, 2018).  Essentially, this approach is best suited when estimating unrestricted and unbiased 

demand for the new product is needed to make launch decisions. This framework helps estimate the lower 

bound of new product demand when product discovery is not biased.  

 

The approach to de-biasing the discovery of the new product is a separate research topic which had many 

other techniques not discussed in this paper. The novelty of this approach is to use deep learning models to 

get the semantic embedding of product features in low dimension space. Combined with graph network 

between query and product, this approach estimates the missing values on key features for new products. 
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Finally, the estimated impressions based on new product ranking in search results helps in obtaining a high 

confidence demand estimate for new products. The future direction of our research is to provide a reduced 

variance of the demand estimates from this framework. Another interesting research area is to combine the 

state-of-the-area Active Learning approaches for new product demand forecasting (Zhu et al., 2020). Active 

Learning will allow to fine-tune the overall algorithm with a limited number of product launches.  

 

Implications for practice 

 
In this paper, we propose a novel methodology for estimating the demand for new products using end-to-

end simulation of product discovery mechanism. However, it requires us to build several AI and machine 

learning based components. The two critical components i.e. similarity algorithm and feature estimation 

models should be reassessed for accuracy periodically. As mentioned in the evaluation section, the 

performance of product embeddings in identifying similar products needs to be reassess periodically with 

a fresh golden dataset. Generally, organizations set up a human annotation mechanism to get the golden 

dataset. In this case, the human annotators are experts who are trained to judge the similarity between two 

products on pre-defined dimensions such as product functionality, brand, product category, product images, 

price, etc. Similarly, the accuracy of ranking model’s features for new product needs to be assessed with 

real user interaction data on new products launch on an e-commerce website. This can be achieved by 

comparing the real feature values of new products n-days after the launch on the e-commerce website.  
 

Limitations 

 
This approach estimates the demand for new products mainly based on product discovery via search 

functionality. This could raise a concern that discovery of new product will negatively impact established 

products. Our research briefly touched upon the need for personalized recommendations to quell this 

concern. However, we have not added the scientific approach to enable personalized recommendation in 

search algorithm. In practice, increased selection of products on e-commerce websites along with the right 

discovery mechanism will result in two important business metrics, i.e. increased traffic of new users and 

increased time spent on e-commerce website; as both new and existing users will explore more products on 

the website. The discovery of products is not only limited to search functionality, but is also achieved via 

product recommendation mechanisms used for cross-sell and up-sell, e.g. ‘people viewed this product also 

considered other products’ or ‘people bought this product also bought other complementary products. The 

increased overall engagement of users on e-commerce website should recoup the lost (cannibalized) 

demand of established products via search functionality in the long run. Our current approach does not 

account for any other discovery mechanism, mainly to reduce the complexity of the overall solution.    

 

Conclusions 

 
The launch of new products on an e-commerce website is a costly affair from an operational point of view. 

Launching the product for testing in the market is not only expensive but also fraught with under-estimating 

the demand, if it is not done for long period of time. On the other hand, the methods to estimate demand of 

new product using pre-launch data is faulty as it does not consider the competitive dynamics of other 

products. Our approach that uses a state-of-the-art AI solution is highly scalable across all type of products. 

It is a robust framework to estimate the demand for new products without actually launching a product on 

an e-commerce website. Our solution allows the marketer to simulate the discovery of the new product via 

search functionality and provide a lower bound (i.e. a conservative estimate) of demand. 
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Appendix A 

Summary of Literature 

 

Paper (Authors 

and year) 

Key findings Implications for our paper 

Cao and Zhang 

(2017) 

Paper proposes a cost-effective method with high 

external validity for new product demand estimate 

leveraging price sensitivity of new product products. 

Using price of the product as 

main feature for simulation 

exercise. For product 

embeddings, we proposed to 

use product price as outcome 

variable.  

Dai and Huang 

(2021) 

Propose to build the sales trend model using the 

similar products identified based on the several 

features. The basic idea is that the sales of new 

product will closely follow the trend of the similar 

products after launch.  

Identifying the similar products 

could help for new product 

demand estimation.  

S. Gregor et al. 

(2013) 

Impact of design research Conceptual design 

A. Hevner et al. 

(2004) 

Design science in information system Systems for simulation 

A. Hevner et al. 

(2010) 

Design science in information system Systems for simulation 

Santu et al. (2017) Paper discusses a few Learn-to-rank models used in 

search function for e-commerce. These models use 

the user feedback signals such as click rates, add-to-

cart ratios, order rates, and revenue as features. 

For new product, if we estimate 

the priors of these user 

feedback features, we can 

estimate the impressions and 

other search funnel metrics. 

Bandara et al. 

(2019) 

E-commerce platform contains large numbers of 

related products, in which the sales demand patterns 

can be correlated. Building hierarchical forecasting at 

category and store level aggregation. 

(1) Related product’s sales will 

be correlated at e-commerce 

platforms. (2) The SKU level 

forecast just based on the 

historical sales have high 

variation. (3) highlights the 

cannibalization effect at SKU 

level within product categories.  

Ren et al. (2020) The main focus of the paper is to engage extraction of 

the features from user-generated data for forecasting. 

This paper also proposes to use the reviews and social 

media data for forecasting as another alternative 

source for external signals. 

 

(1) Our approach aligns with 

the proposal of using the user-

generated data as features to 

forecast the demand. (2) As the 

new products don’t have any 

historical sales, we proposed to 

use the snapshot of user-

generated features to predict 

new product demand. 
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Mitra et al. (2022) This paper provides a detailed list of different type of 

forecasting models used in retail industry and their 

applicability in various scenarios. The paper also 

provides the demand forecasting model’s evaluation 

metrics.  

Our proposed approach has 3 

sequential systems with their 

individual uncertainties. In 

future, we should measure the 

uncertainty of entire solution 

together and proof that our 

solution will also reduce the 

forecasting uncertainty.  

Cai et al. (2018) This paper highlights reinforcement learning use 

cases in ecommerce two-sided marketplace. The 

proposed approach highlights how reinforcement 

learning algorithm can be used in search results. 

We proposed to use 

reinforcement learning based 

approach to deal with 

cannibalization concerns due 

new product discovery.  

Steenbergen and 

Mes (2020) 

This paper highlights how not having historical data 

making forecasting for new products difficult. It 

proposes that the new product would have same 

demand pattern as similar product in a same profile 

(category).  

Our approach is influenced by 

this paper which proposes an 

end-to-end process of demand 

forecasting of the new product. 

We have some components of 

DemandForest in our solution. 

Smirnov and 

Sudakov (2021) 

This paper highlights the importance of feature 

engineering in the forecasting of new product. The 

proposed feature engineering requires the domain 

understanding. 

It is related to use the 

impressions of products in the 

forecasting model as an 

additional feature.  

R. A. Trihatmoko 

et al. (2018) 

This paper provides an overview of new product 

introduction framework for an FMCG company. This 

proposed approach uses both quantitative and 

qualitative inputs for demand forecasting. 

Literature overview 

Swaminathan and 

Venkitasubramony 

(2024) 

This paper highlights the qualitive methods to 

incorporate the expert opinion in new product 

forecast. This also delves in various machine learning 

techniques to model the demand in this industry. 

Literature review 

Kornblith et al. 

(2019) 

This paper highlights various Deep Learning models 

to extract the product embeddings to estimate the 

similarity between two products.  

In our paper, we have used 

cosine similarity based on the 

simplicity of its formulation.  

Hsiao and Li 

(2014) 

This paper shows how E-commerce companies use 

visual feature presentation from DL models to detect 

the similar products.  

We also proposed to use the 

product images as high 

dimensional features in price 

prediction model. 
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