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PETER
SEGERIUS
● Brazilian󰎙 by nature, Dutch󰐗 by nurture
● Working at YC for 6 years
● Started as an intern
● Interest go from creative media campaigns 

to social media marketing and performance 
marketing, but it always starts with DATA

SR. ONLINE MARKETER
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WHERE WE STARTED

● Focusing only on applications
● No synergy between the online marketing channels
● No overview of the open job requests
● Gathering ALL the data

BACK TO THE BASICS | 2019

BASICALLY: THROWING SPAGHETTI AT THE WALL.



CUSTOMERS
DEMAND 

CANDIDATES
SUPPLY

MATCH



PREDICTIVE 
ANALYTICS

VISION | 2019
We optimally match candidates with open job 
requests/vacancies through a self-learning and 

predictive model.



FIRST STEP
VISUALIZE WHAT WE HAVE



1 HOW TO 
HANDLE 
ATTRIBUTION 

2 WHAT’S THE 
OUTPUT?

3 UNDERSTANDING 
ML/AI MODELS

4 TO INCLUDE OR 
TO EXCLUDE

CHALLENGE
S

NOV 2019 DEC 2022
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● PERFORMANCE INSIGHTS
● CANDIDATE SEGMENTS 

INSIGHTS
● COMPLETE FUNNEL 

INSIGHTS (ROAS/ROI)
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GOOD
THREE YEARS LATER

TWO DASHBOARDS LATER

AND THEN 
WHAT?



TOO MUCH DATA
NO ACTION
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IN SHORT

PAMM



PAMM PREDICTS THE BEST CHANNEL MIX TO MATCH 
CANDIDATES WITH CLIENTS, CUTTING COSTS AND TIME 
WASTED.

IT DELIVERS THE RIGHT CANDIDATES AT THE RIGHT 
MOMENT, FOR THE BEST PRICE, BOOSTING EFFICIENCY 
AND HIRING SUCCESS WHILE ADDING VALUE FOR BOTH 
SIDES.



1 STAKEHOLDER
MANAGEMENT

2 LACK OF 
KNOWLEDGE

3 MANAGING 
COSTS OF DEV.

4 NO STRUCTURED 
WAY OF WORKING

CHALLENGE
S
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DATA AGGREGATION MACHINE LEARNINGDATA PROCESSINGDATA COLLECTION

GA4 data

Hiring data

Other data 
sources

BigQuery

step 1.b
job_features

step 1.c
days since vacancy 

publishing

step 1.d
mode of age per 

step 1.a
count of users

…

step 2.a
create job feature grid

step 2.b
create master table

step 2.c
aggregated master 

table

step 2.d
add seasonality

step 3.a
model candidates

step 3.b
model vacancies

step 3.d
optimize budget

step 3.c
Retrieve optimization 

coefficients

LOOKER 
STUDIO

step 1.e
lagged application 

features

step 2.e
tune parameters

X



X



PAMM
PREDICTIVE AUTOMATED 
MATCHMAKING MODEL

SALES
Better leads

Marketing
Better targeting

Operations
Better candidates

Finance
Better pricing

Campaign info Scarcity info

Pricing
info

Optimized DemandOptimized Supply



CPA = 5%
COST = 2,5%

APPLICATIONS = 8%

RESUL
T

RESUL
T



1. Ad Budget: €1.000.000 €1.025.000 (2.5% cost increase)  
2. Cost per Application (CPA): €10,00 €9,95 (5% cheaper)
3. Applications: 100.000 108.000 (8% increase)
4. Hires (5%): 5.000 5.400  
5. Revenue (25K per hire): €125.000.000 €135.000.000

PAMMNO PAMM

RESUL
T

RESUL
T

POTENTIAL INCREASE IN REVENUE OF 
€10.000.000,- 

WITH 25K MORE AD SPEND



WHAT IS THE CORE OF 
YOUR CHALLENGE? 
MAKE THAT 
ACTIONABLE




