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We’re
Happy
Horizon
The horizon. That’s your higher purpose.
The destination you’re always on your 
way to.
The goal that seems out of reach, but 
always gives you direction.
And determines your next step.
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Our
offices
Our ambition is to be a 'one-stop-shop' in 
the digital field. Spread throughout the 
Netherlands (and beyond). So that we are 
always near our clients and talents. Our 
group currently consists of 7 hubs:

Eindhoven, Amsterdam, Tilburg, 
Apeldoorn, Arnhem, The Hague
and Utrecht
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We’re 
experts in

Strategy & Innovation

Data & Automation

Branding, Content & PR

Online Marketing

Development & Technology

5



Our 
clients
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Varify.io® - A/B Testing Platform

Unlimited Traffic

No Cookies

Single Source of Truth

Big Query Integration



Our topics 
today
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● Experimentation & data collection
● A single source of truth
● Differences between GA4 & BQ
● Connecting experiments & BQ
● Tips / How to (not) fail



“Left untouched, all websites will 
decline in performance over time.”

- Matt Scaysbrook



Experimentatio
n & Data 
Collection

BigQuery for Experiment Analysis

An overview



Why even bother with other sources?
● Single Source of Truth: Conflicting data can arise between tools

● Deeper Insights: Some tools offer deeper segment analysis (traffic, source, medium)

● Data Ownership: Limited control over data interpretation in many tools

● Goal & Event Setup: Requires technical expertise, varies by tool

● Black Box: Sampling methods and data transparency differ across platforms



GA4 reporting
A route many experimenters take, because it’s relatively easy to 
implement.

GA4

Collect Visualise Analyze Activate











GA4 reporting
A route many experimenters take, because it’s relatively easy to 
implement.

GA4 Looker Studio

Collect Visualise Analyze Activate







GA4 reporting
A route many experimenters take, because it’s relatively easy to 
implement.

GA4 Looker Studio Analyst

Collect Visualise Analyze Activate



The issue with GA4 data
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BigQuery reporting
The route everybody who’s serious about experimentation should take, 
because it’s the most accurate one.

GA4 BigQuery Looker Studio Analyst

Collect Connect Visualise Analyze Activate



BigQuery data
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Differences 
between 
GA4 and BQ

BigQuery for Experiment Analysis



What is BigQuery?
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“An enterprise system used for the 
analysis and reporting of 
structured and semi-structured 
data from multiple sources”

Image source: alteryx.com
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Stores raw event-level data Presents processed and aggregated data

Data is always unsampled Can apply sampling in reports

Data is organized in daily tables, with an 

event-based schema

Data is presented through predefined reports 

and customizable explorations

Requires writing SQL to access and analyze data Uses a graphical user interface

Data is typically exported the following day 

(but can take up to 72 hours to finalize)

Data can take up to 48 hours 

to fully process

It’s free (up to the predefined limits) It’s free (with GA4 360 as an upgrade)

BigQuery                   vs.        Google Analytics 4



BigQuery vs. Google Analytics 4
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● Presents processed and aggregated data
● Can apply sampling in reports
● Data is presented through predefined 

reports and customizable explorations
● Uses a graphical user interface
● Data can take up to 48 hours to fully 

process
● It’s free (with GA4 360 as an upgrade)

● Stores raw event-level data
● Data is always unsampled
● Data is organized in daily tables, 

with an event-based schema
● Requires writing SQL to access and 

analyze data
● Data is typically exported the 

following day (but can take up to 72 
hours to finalize)

● It’s free (up to the predefined limits)



In short
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Google Analytics 4

Provides convenience and pre-processed 
insights with limitations.

BigQuery

Provides maximum flexibility and depth, 
requiring technicals skills (and potentially 
incurring cloud computing costs).
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Incoming 
STATISTICS 
😱📊



Unseen GA4 pitfall: HLL(++)
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HyperLogLog is a probabilistic algorithm that estimates unique user 
counts to preserve memory, but there are issues for experiment 
analysis.

“The results from any A/B test with a decent sample size which relies 
on user-based metrics extracted from a Google Analytics property 
with the User Analysis toggle switched on are completely 
compromised.”

This starts being noticeable when a variant exceeds 12.000 users. 
Using BigQuery to extract raw user counts is, in most cases, the most 
accurate way to extract experiment results.

Text source: blog.analytics-toolkit.com
Image source: Wikipedia

https://blog.analytics-toolkit.com/2020/the-perils-of-using-google-analytics-user-counts-in-a-b-testing/
https://en.wikipedia.org/wiki/HyperLogLog


A single source
of truth

BigQuery for Experiment Analysis

And why BigQuery is the better choice (in most cases)



A/B test: Buybox redesign
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A B

VS



Results with GA4 Reporting
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Experience variant Users Transactions
A 107742 2955
B 106554 3072

Chance to win: 97,5%



Results with BigQuery Reporting
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Experience variant Users Transactions
A 105495 2799
B 104809 2888

Chance to win: 92,49%



Results with BigQuery Reporting
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Experience variant Users Transactions
A 105495 2799
B 104809 2888

Chance to win: 92,49%



Small Differences - Big Impact
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GA4 modeled part of the data. This estimation of cardinality inflated total visitors and adjacent 
conversions, exaggerating the true effect.

● Visitors +1,89%
● Conversions +3,14%

This is called a Type-M error (= an over-estimation of the effect size)

Source: Assessing type S and type M errors - Gelman, Carlin (2014)

In other words: overestimating effects doesn’t just mislead - it can lead to costly 
decisions and real business risks.

http://www.stat.columbia.edu/~gelman/research/published/retropower20.pdf


Connecting 
experiments 
and BigQuery

BigQuery for Experiment Analysis



Connect GA4 to BigQuery
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Because reporting is flawed, not the collecting mechanism (if implemented correctly).

🔗



Connect GA4 to BigQuery

39

How-To:



Connect GA4 to BigQuery
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How-To:



Connect GA4 to BigQuery
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How-To:



Connect GA4 to BigQuery
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How-To:



How to Query Data of Experiments
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1. Identify the date range

2. Identify experiment variants

3. Identify the table where the metrics of interest come 

from

4. Select metrics to compare

5. Structure the query logic with CTEs

6. Combine experiment variants with filtered metrics

7. Aggregate results per variant

8. View the aggregated table



Query: Transactional Experiment Data
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Scan for GIST

https://gist.github.com/BasLinders/17ac24223c0292fc2d543a846aa0dd14#file-binomial_experiment_data-sql


Query: Transactional Experiment Data
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Adjusted for varify.io



Query: Revenue Experiment Data
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Scan for GIST

https://gist.github.com/BasLinders/d244b20907eeae6796d502cbd2d2d036#file-experiment_continuous_data-sql


Jobs Explorer View
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Tips for using
BigQuery

BigQuery for Experiment Analysis



Understand Your GA4 Export Schema & 
Experiment Setup
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Familiarize yourself with the events_* tables generated by the GA4 BigQuery export. Key fields you'll likely 
use are:

● event_date: For partitioning and date filtering.
● event_timestamp: For precise timing.
● event_name: To filter specific events (conversions, exposure events).
● user_pseudo_id: The primary identifier for anonymous users (this connects Varify with GA4).
● event_params: This is a nested field (an ARRAY of STRUCTs) where most custom data, including 

experiment details, resides. Each element typically has a key (string), and associated value fields 
(value.string_value, value.int_value, etc.).

● ga_session_id: Found within event_params, useful for session-level analysis.



Understand Your GA4 Export Schema & 
Experiment Setup
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Familiarize yourself with the events_* tables generated by the GA4 BigQuery export. Key fields you'll 
likely use are:

● event_date: For partitioning and date filtering.

● event_timestamp: For precise timing.

● event_name: To filter specific events (conversions, exposure events).

● user_pseudo_id: The primary identifier for anonymous users (this connects Varify with GA4).

● event_params: This is a nested field (an ARRAY of STRUCTs) where most custom data, including 

experiment details, resides. Each element typically has a key (string), and associated value fields 

(value.string_value, value.int_value, etc.).

● ga_session_id: Found within event_params, useful for session-level analysis.



Identify Experiment Parameters
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Crucially, you need to know the exact event_params.key names used to record experiment participation. 

Some examples of values that you’re looking for:

● Varify: varify_abTestShort
● Convert: exp_variant_string
● VWO: vwo_variation_id
● Webtrends Optimize: wt_variation_id



Use BigQuery Studio Schema Viewer
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Before writing queries, use the schema viewer in BigQuery Studio (usually on the left panel when a table 
is selected) to explore the events_* table structure, especially the nested event_params. This helps confirm 
data types and exact field names without running costly SELECT * queries.



Master UNNEST for Experiment Params
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Since experiment details are usually within the event_params array, you must use UNNEST to flatten this 
structure so you can filter and select based on the experiment/variant keys.

SELECT

   user_pseudo_id AS variant_user_pseudo_id,

   CASE

     WHEN params.value.string_value = '15039:Original' THEN 'A'

     WHEN params.value.string_value = '15039:21017' THEN 'B'

   END AS experience_variant_label

 FROM

   `table_id`,

   UNNEST(event_params) AS params



Optimize for Cost & Performance
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Why?

https://www.linkedin.com/posts/yingjun-wu



Optimize for Cost & Performance
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● ALWAYS Filter by Date: Use the _TABLE_SUFFIX pseudo-column in your WHERE clause. This is the 

most important optimization as it limits the amount of data scanned.

● Select Only Necessary Columns: Avoid SELECT * on unfiltered data. Explicitly list the columns 

you need, especially before joins or aggregations.

● Filter Early: Apply filters (like event_name, _TABLE_SUFFIX) as early as possible in your query or CTEs.

● Use SAFE_DIVIDE: Prevent division-by-zero errors when calculating rates.

● Preview Data: Use BigQuery Studio's "Run Preview" option (if available/enabled) or add a LIMIT 

clause during development to test logic on a small data sample quickly and cheaply.



Recommendations
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● Compare your data sources
● Understand the differences – then define your single source of truth
● Ensure clean experiment tracking in BigQuery
● Use tested SQL templates (or “safe spaces”) – and adapt them
● Optimize your queries for performance and cost
● Get help early – not only when things break
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3
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Next steps
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● Compare your data
● Consult with experts
● Try BQ through varify.io

Bas Linders

CRO Specialist

Steffen Schulz

CPO varify.io



Next steps

Bas Linders
CRO Specialist

Steffen Schulz
CEO varify.io

● Compare your data
● Consult with experts
● Try BQ through varify.io
● Join our (actually) exclusive 

Community

http://varify.io


LookerStudio




