
Introducing new algorithm to optimize content discovery on the Freadom app 

Reading stories is one of the primary activity users do on the app. The Freadom team continuously 

analyses app data to understand user behaviour. The goal is to leverage the data to improve user 

experience and learning outcomes. 

One such exploratory analysis led to the insight that some users have the tendency to ignore 

"recommended stories" - instead they explored the app on their own and picked stories at random. 

For these users, these "recommended stories" would remain on their feed since the default design 

was for them to move out of the tray only after being read. Thus, some stories were getting stuck on 

user home page occupying precious real estate.  

In order to remedy this situation, we decided to tweak our story selection algorithm and added a 

component of randomness. This way, the stories which a user ended up ignoring on one day would 

not repeat on the next day. At the same time, they were still eligible for the algorithm to pick up 

again in the future. It was important not to remove these stories from the eligible story pool as a 

user’s failure to engage with a story could not be construed as disinterest given the random nature 

of exploration. Additionally, these stories were recommended by the algorithm for that user, and our 

recommendation algorithm has largely proven to be useful for the user.  

The change was implemented across the entire user base in one release. It was important for us to 

ascertain if the new algorithm leads to better user engagement. Since, an AB test was not carried out 

upfront, we chose to run a quasi – experiment research methodology to understand the impact of 

the new algorithm. We had hypothesized that the new algorithm should lead to improvement in two 

areas in particular – 

1) Average engagement rate per active user should increase as users discover a wider set of 

stories over time which is our primary focus 

2) Underlying assumption for better engagement is exposure to wider set of stories over time 

which means that on average user would engage with higher number of unique stories 

Objective 1 and 2 are different because objective 1 also includes the intensity of engagement. A user 

can spend a varying amount of time engaging with / reading a story and the same is coded in the 

engagement metric and is referred to as ‘Utility’ 

Since, an AB test was not carried out upfront, we had to run a quasi – experiment research 

methodology. To ensure that we get valid results, it was important to consider all the elements of 

the analysis very carefully. Below we have summarized all the considerations that were taken into 

account before starting the analysis – 

Methodology 

We chose to use Difference in difference regression approach for reasons that are as following. Since 

the algorithmic change was implemented for the entire user base, for any type of impact analyses 

we needed to compare the user engagement pre and post the date when the change went live. The 

then homepage of the app consisted of 9 stories trays and the algorithm was changed only for 4 of 

those trays, so it was possible to compare the user engagement with the trays having new algorithm 



vis a vis trays with old algorithm in a pre and post study and hence the difference in difference 

approach. Couple of other factors related to study design - 

• User set – We decided to include only New users and their first 7 days interaction with the 

app in the analysis 

• Time period – To get sufficient power, new users were considered for 3 weeks time period 

before and after the change  

Result 

We ran a mixed effect linear regression model to evaluate the effectiveness of the new algorithm. 

Most of the analysis was done using Stats Model package in Python. Before running the model, some 

basic sanity checks were done to understand if the user groups in control and treatment groups are 

broadly similar or not. User distribution in control and treatment groups across demographic 

characteristics and usage pattern was analyzed to ensure this. 

  
Figure1: Grade wise and category wise breakup of treatment and control groups 

Regression 

As mentioned above we used Mixed effect linear regression model where Difference of the user 

engagement with the two type of trays was the predictand and user demographic data, usage data 

and label indicating Treatment or Control group were the predictors variables. Output from the 

regression model is shared below. To ensure that the regression output is robust, we checked the 

residuals and QQ plot as is the standard practice. 

  
Figure2: Residuals and QQ plot 
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Figure3: Regression output 

The regression result show that the intervention coefficient is positive and significant with p value of 

0.000 which means that the treatment group had significantly higher engagement in comparison to 

the control group. The coefficient of 0.52 was compared against the pooled standard deviation to 

arrive at effect size of 0.42 which is large from an educational intervention point of view. 

Interpretation of results 

 
Figure4: Impact of changing the Story selection algorithm 

Figure 4* conveys the 
gain from the new 
algorithm visually and 
can be used to calculate 
lift. The chart shows the 
engagement data for 
time period T1 to T6. 
‘Control’ line shows the 
data for the trays where 
algorithm was not 
changed and the 
‘Treated’ line shows the 
data for the trays where 
algorithm was changed 
after T3 time period. 

 

The new algorithm increased the user engagement with a 24% lift in comparison to the old algorithm 

and we believe that the higher engagement would persist over time. To conclude, change in the 

algorithm lead to higher engagement for users in the first 7 days of their activity. 

*Usage had dipped around T3 – T4 because of the festival of Diwali which coincided during that time. 
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