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Executive Summary 

 

Ethbnb is a decentralised accommodation booking service built on peer to peer 

technologies and designed to run on the Ethereum Network. 

Ethbnb is capable of handling a million bookings per day in more than 40 

languages and due to the peer to peer network will operate with fewer than 

twenty full time staff. 99.7% of the customer service and accommodation 

bookings with be automated on the blockchain utilizing multilingual intelligent 

chatbots.  

Ethbnb will collect only a 0.5% fee from accommodation providers & hoteliers, 

far less than industry standard. 

This Whitepaper presents the ethbnb network token (BNB), this token will be 

the fuel of the booking service, holders of BNB will collect 0.35% fee from each 

booking. The remaining 0.15% fee will be reward for computing power on the 

blockchain and ethbnb fees. 

BNB will be released 19th July 2017. They are distributed at a ratio of 1 ETH : 

1000 BNB . A total of 12 000 000 BNB have been created with 11 500 000 to be 

released in the ICO. In the first two hours of the ICO purchasers will receive 

bonus BNB as detailed on the ethbnb website. 

Ethbnb will be launched 14 days after all available BNB have been purchased. 
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Using code to reduce customer service needs 

 

This challenge is not trivial, since Customer Service traffic follows a different 
pattern than web site visits, and there is very significant variance in Customer 
Service workload per language per day and across weeks. Even regional events 
in a country can have significant impact on the daily workload. Therefore, next 
Tuesday’s customer service workload can easily be more than double than that 
of this Tuesday’s workload. The workload forecast is of utter importance, since 
shortage of blockchain agents capacity leads to long waiting times, low net 
scores and missed revenue. With thousands of FTEs a 10% over forecast will 
very substantially impact an average websites operating expenses.  

Forecasting models need to get used and adopted by management. Analysts 
sometimes fail to appreciate this point, believing everything is about the 
strength of the algorithm. However full management acceptance of a model 
and trust in the output is necessary for a model to be adopted by an 
organisation.  

And lastly, we believe that the value of the model does not lie in its initial 
performance. The value lies in the integration of the model in a system that 
allows for continuous accuracy monitoring and improvement. When the sys- 
tem is right and self-correcting, the forecast’s accuracy and trust grows over 
time. When it is a one shot model, you can only wait until troubles arise. 
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Ethbnb approach 
 

The agreed approach was inspired by our principles for effective forecasting 
that we distilled from our own experiences, and the global forecasting 
literature. 

These principles are:  

1. Understand the dynamics: Invest in truly understanding the business 
dynamics that explain the patterns, in a hypothesis driven approach.  

 

2. Minimize the number of variables: Complexity often leads to worse 
forecasts; wisely combine data and select only the most important 
drivers.  

 

3. Get your statistics right: Thoroughly test predictive properties of 
different forecasting techniques and manage outliers by identifying and 
understanding them.  

 

4. Build a system, not a model: Start with a small scope and work quickly 
towards a minimum viable product, creating focus and momentum. 
Then build a system that not only runs the forecasts, but also integrates 
a learning loop to improve from the forecasts deviations.  
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Drivers of contact volume 

The Contact Volume is driven by, firstly, the amount of known active bookings 
today and its “booking phases ”. Typically, around the reservation and around 
the moment of check-in and check-out of their stay, bookers are likely to 
contact the Customer Service centre. For instance, around the moment of 
booking, a young family wonders whether a cot is available in the hotel room 
and after the check-out a dissatisfied business man may share his complaints. 
Moreover, the bookers in between making the reservation and check-in in also 
tend to contact. For example, the summer peak of contacts is not only caused 
by many check-ins or check-outs, but mostly by bookers who are in the weeks 
before their check-in. The amount of ‘pending check-ins’ builds up in the spring 
towards the summer.  

Property type drives the number of contacts per booking too. Apartment 
bookers are three times more likely to contact than hotel bookers. The 
increasing share of apartment bookings partly drives the upward trend in 
number of contacts. Other booking characteristics like the trip length and 
group size also influence the chance of contacting.  

Third, the type of holiday matters. Weekends and certain holiday periods like 
Christmas and Easter result in less contacts than we would expect based on the 
number of bookings. Last, changes in opening hours result in trend breaks. For 
example, the opening hours of a specific Asian Customer Service phone line 
varied dramatically, between 8 hours a day and 24 hours a day during a year.  
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Minimise the number of variables 

The result of the analysis phase was a deep understanding of the causal drivers 
of contact volume and handling time and thus the workload. However, when a 
predictive model has too many drivers and parameters, there is a substantial 
risk that the model does not fit the ‘true’ relationships, but fits the random 
variations in the data. The in sample fit will then be very good, but out of 
sample the model will forecast badly. This is called overfit and is one of the 
main reasons why predictions of models fail.  

Therefore, we asked ourselves the question; how could we condense the 
number of variables, and as such simplify the model and reduce the risk of 
over-fit? What we found out was that we could translate the analysis results in 
a minimum number of appropriate drivers of workload that can be forecasted 
13 weeks ahead. Especially for the contact volume model this was an 
important part of the project. We constructed one driver that combines all the 
relevant information on the number and distribution of active bookings; we 
named this driver as the “normalized bookings driver”.  

The normalized booking driver is a weighted average of all (predicted) active 
bookings per booking phase, where the weights are determined by the 
historical probability of contacting in a specific phase for a specific segment. 
This normalized booking driver turns out to be highly predictive for the contact 
volume. We also constructed one driver for the (special) days, such as bank 
holidays or major events. For each day in the future we determined the most 
appropriate historical reference day. This reference day is usually the same day 
of the week at the same week last year. However, when for example today is 
Christmas Day, we selected Christmas Day last year as the reference day.  

The resulting ‘contacts last year at reference day’ was one of the main drivers 
of the model.  
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Get your statistics right 

So now we have a strong grip on the drivers, but we lack a perspective on the 
right statistical model that translates these drivers into the overall workload 
forecasts. We took this challenge in two steps: manage outliers and choose the 
right modelling technique. Outliers. Historical shocks (outliers) can have a huge 
impact on the forecast and its accuracy. For example, in March 2017, the 
number of Asian calls about website problems in one instance was extremely 
high. After a detailed assessment this turned out to be an incident that we 
should exclude from the data. For the handling time, the outlier detection was 
even more important. Certain contacts (by chance) took several hours to 
handle, whereas data issues caused other contacts to take 0 seconds. 
Excluding this ‘noise’ from the data dramatically improved the forecast.  

Modelling technique. Once we had a cleaned set of data, and a very solid 
perspective on the key drivers, we were keen to use the technique that would 
give us the most accurate and stable forecasts. But we also aspired to have a 
technique that provides results we can interpret and understand (no black box) 
and could be easily implemented and further developed. In order to find out 
which model would fit our purpose best, we estimated (trained) our model 
using all the data up until March 2017, and tested the predictive properties of 
our model on a sample from the end of 2016 and beginning of 2017. We 
thoroughly tested the predictive power of various models, both in the short 
term (1 to 2 weeks ahead) and in the long term (13 weeks ahead).  
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Build a system, not a model 

So we understand the dynamics and have a model that gives accurate 
forecasts. Are we done now? The last principle is about the importance of 
integrating the model within a system, instead of only building a model. We 
need a system that not only runs the forecasts, but also enables ethbnb to 
constantly check upon the model’s performance, identify and understand 
forecast errors and update and improve the model. Without such a system, the 
model will be inaccurate within a year. At most companies, creating this 
system is an undervalued but critical step.  

Before building the system, we deliberately implemented a test and learn 
approach. We chose two pilot languages to start with; one European and one 
Asian language. These were important (growing) languages with a high 
forecasting inaccuracy, with dynamics that were clearly different. We chose 
only two in order to be able to thoroughly understand the dynamics of these 
two languages, believing these findings would become the first basis for an 
iterative rollout approach. From the very beginning of the project, we aimed 
for finishing a minimum viable version 1.0. When we showed that this first 
version was already a major improvement over the existing forecast model, we 
gained momentum and enthusiasm. Besides that, this approach helped the 
project team to stay focused and work via a structured approach, constantly 
having the end goal in mind.  

After finishing the 1.0 version, one part of the project team worked on the 
technical implementation and automation of the forecast, i.e. building the 
system. The system was built such that every forecast is automatically written 
to a database, together with all the drivers that were used in the forecast. On 
top of that, a layer was built that automatically calculates and visualizes the 
forecasts’ (in)accuracies and explains these through the model’s driver 
realizations. The generic set up of the system was such that it could be easily 
extended to other languages and forecasting problems. The rest of the team 
iteratively improved upon the model, by learning from the deviations of the 
forecast from the actual workload. For example, both the normalized booking 
driver and the outlier removal went through various iterations, improving 
model performance. 
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Results 

We see that the total workload forecast error decreased by 60 percent for the 
pilot European language. For the Asian pilot language, it decreased by 50 
percent. The large workload improvement is mainly driven by the Contact 
Volume Forecast (a 75 percent reduction). The handling time forecast also 
improved substantially (60 percent).  

When we zoom in on the model’s predictions, we see that the new model is 
spot on for most of the days, and especially outperforms the old model during 
the special days, Christmas, New Year’s Day etc  

Furthermore, the method developed turned out to be generally applicable to 
all other Customer Service languages. Out of the 43 languages, only 2 didn’t 
improve. These 2 remaining languages are the first ones to be improved upon 
in the test & learn approach. The outstanding results for all the other 
languages firmly validates the chosen approach, drivers and model techniques.  

 

It is from these issues, models and ideas that we built our code available at 
https://github.com/raillie/ethbnb 
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BNB Tokens 

 

As stated in the executive summary of this Whitepaper, BNB will be released 

19th July 2017. They are distributed at a ratio of 1 ETH : 1000 BNB .  

 

A total of 12 000 000 BNB have been created with 11 500 000 BNB to be 

released in the ICO. In the first two hours of the ICO purchasers will receive 

bonus BNB as detailed on the ethbnb website. 

 

500 000 BNB will be held by the ethbnb team for recruitment and retention in 

the initial period of business.  

 

Holders of BNB will be rewarded with Ethereum each time a booking is made 

on the network. The breakdown of rewards is as such: 

 

0.35% - holders of BNB 

0.05% – ethbnb network 

0.10% – distributed network of customer service 

= total of 0.5% booking fee 
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Team 

 

Clinton Raillie – Co-founder & CTO 

Ruben Collins  - Co-founder & CEO 

Louise Mills – Strategy Officer 

 

Ruben Collins is an experienced coder and holds a masters degree in computer 

technology from Virginia Commonwealth University. Ruben resides in Virginia 

with his family. 

 

Clinton Raillie is an avid PHP coder, crypto currency enthusiast and is currently 

completing a bachelors degree in computer technology at Virginia 

Commonwealth University where he met and became friends with co-founder 

Ruben Collins. 

 

Louise Mills, also a crypto currency enthusiast holds a bachelors degree in 

business and marketing. After studying in the USA, Louise moved back to her 

home country of Australia. She resides in Perth, Western Australia with her 

partner.  

 

Email us hello@ethbnb.io 

Find us on twitter @ethbnb 


