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Introduction and Model Overview

At Indeed, we have spent over six years developing machine learning models to predict the fit between
employers and jobseekers. These models substantially contribute to Indeed's core mission to help people
find jobs, and we strive to ensure that predictions are both accurate and useful to jobseekers. In this talk we
walk our listeners through a real world model error and describe how to identify, fix, and prevent bugs in
models through rigorous prototyping and release processes, tools to help us interpret and visualize our
model predictions, and by using human labels to confirm online results.

Fundamentally, our applicant quality models take a job description and a resume as input, and predict
whether or not the candidate will be a good match. We try to solve this problem in a supervised way by using
jobseeker outcomes as labels. The feature vectors consist of job-specific text features, resume-specific text
features, and engineered interaction features. We serve >100M predictions per day at low latency to drive
functionality in a number of Indeed products (see appendix 1).

Model Development and Release

Indeed uses a conservative approach to model builds and releases [1]. We use a consistent and repeatable
model build tool that performs hyperparameter optimization, and generates performance metrics and
diagnostic plots according to standard practices [2, 3, 4]. For applicant quality models in particular, we also
evaluate models on multiple holdout sets to ensure performance does not degrade over time or across
different data distributions.

These reports, as well as project-specific analyses, are easily recorded by the data scientist in a model build
ticket. Once the prototyping phase is nearly complete, a peer data scientist will review the model build and
provide feedback. This process is similar to code review for software engineering, but is focused on data
sources, features, training process, and the production use case. See appendix 2 for an example template.

Models are then soft-released to production: predictions are logged for a small share of traffic but do not
influence the user-facing behavior of the product. Production model predictions are compared to actual
outcomes and offline performance. Finally, the new model is enabled in the product and A/B tested using
standard testing methodology.

Debugging

While a careful model release process will prevent many bugs, there may be unexpected errors. As an
illustrative example, we describe the tools and methods used to detect and fix various forms of "job
overmatching". Since most jobs have multiple applicants, our datasets typically contain far fewer distinct jobs
than distinct resumes. Models can potentially over-index on job-specific features and may lead to predictions
that, while correct in a technical sense, are not useful or personalized to the specific jobseeker or employer.

Some of the tools and processes that we have used to debug this problem in various contexts include:

e Creating effortless access to individual production data samples, predictions, and explanatory
visualizations (see appendix 3).

e Hand labeling many application pairs, especially with specific feature combinations to get more
fine-grained data

e Designing specific metrics and diagnostic plots to detect discovered problems, and adding them to our
standard workflow to prevent regressions.

e Soliciting feedback from users about the quality of model predictions, and using these to assess
whether jobseekers find the predictions useful, not just accurate.

e Tracking model degradation across train, validation, test, and holdout sets in model build reports.
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Appendix 1

Resume Match

When we predict that a jobseeker is a match for a job, we show "Your resume is a match" and
relevant job requirements on the job page. The model evaluation is run in real-time with the page
request as job and resume data can change quickly over time.

‘indeed

Account Manager Life

Insurance Advisor
Mike Goldberg & Associates, INC
Austin, TX 78759

Your resume is a match

Based on your Indeed Resume, you may have experience
this employer is looking for:

+ Sales: 2 years

+ Insurance sales: 1 year

+ Education: Associate

+ License: Life and Health Insurance
+ License: Driver’s License




Appendix 2

Model review template

Model prototyping results are tracked in a ticket in the company-wide issue tracker. Once a model
is ready for review, data scientists insert a template and fill out relevant aspects of their model build
(how data was collected, what it is predicting, performance metrics and plots, and so on). A peer
data scientist will then review the model for production readiness, and provide suggestions and
feedback.

added a comment - 2 minutes ago &L

Stage 0 - Before Project Starts

Please review this graph to get familiar with model building workflow

Please review this Lucid chart to get familiar with collaboration process with engineering team, if model impler ion requires eng g support

Stage 1 - Data Review + Code Review

Context

What should this model enable us to do (highlighting, filtering, sorting, etc.)

Are there any similar, related, or prior models or tools? What does this model do differently?
What products / interfaces / workflows will use this mode!

How will stakeholders evaluate this modei? What is the impact of incorrect predictions?

What areas of machine leamning does this model involve?

Response variable

Response variable and how it was labeled or collected

How reliable do you fthink the labels are? How easy is it to acquire more labels?

What the model outputs (predictions) represent and how they should be scaled or thresholded

What metrics are relevant to assessing the model?

Data sampling
What queries and filters were used and over what time range the data was sampled

What is the source of the data? How was if collected? Is there a team maintaining this data source? Are there known/documented inaccuracies or limitations? Was there anything unusual or unintuitive
about the data? (Please update the data documentation if you find anything.)

Any manual up or down sampling that you did outside of Moody (e.g. downsampling advertisers with a ton of associated applies)
Will the resampled data (including up/down-sampling) match the distributions in production?

What are the dimensions of training dataset? (how many features and observations)




Appendix 3

Data Viewer and Model Explainer

Internal webapps allow immediate access to individual instances of production job and resume
pairs. These webapps can be configured to simply show text for hand labeling, or can provide
model predictions, feature importances, and perturbative model explanations.

_ Explain View Only

Job and Resume Content Model Predictions and Feature

Importance
« token: this particular token at this position is important. individual tokens can be p
individually toggled by lefi-chicking on the token, These appear as <confent-id=
<token>-<token-id> in the importance plots Model prediction probabilities for each class are shown below. Expand a model 1o See a
« ‘token - all instances of this token, taken together, are important. These features plot of its top features.
can be foggled by nght-clicking on a token. These appear as <content-id= Expand All | Collapse All
<token>-* in the imporiance plots.
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Ensuring today’s customers can buy the vehicles they want in a way that suits them res:cashiering-245
means offering support during every step of the joumey. You will gu SIOMETS jd:pleass-857 -

through the papersork associated with vehicle sales and support the functions of al
store depanments. By handling adminisrative details for our store, you will ensure
that oar cusiomers. receive &N Conic customer experience, We've become the SETVICE representalive<ille-3 -
nation's largest retailer of used cars due to our honesty and transparency, and those -
same traits will help you succeed, too
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what you! will do — Essential responsibilities .
jobloc:-88.79124-5

Complete adminisirative, tasks 1o support all siore depariments jobloc; memphis-1-
Provide customer serice by greetng customers and guiding them through joblog: 35, 20683-3 |
paperwork rescashiering-245 -
Communicale effectively with cusiomers and business panners e
Maintain coverage at information desk and answes muli-ine phone system jd:you-* <
Learn and succeed as part of a team resassociate-257 -
res office-653 4

This i5 & high-enengy office environment where you will work as a leam 1o handle a
wide range of customer| interactions and make sure everything goes smaothly.

Opening and closing the business office , completing financial ransactions, and res:associate-195 4
processing paperwork will require a high level of attention o detail. We work and learn jd:office-*
as a team to prionlize the customer experience -

res:office-527 <
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