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Finding your way around Zoom

DATA MODERNIZATION INITIATIVE1

• The audience is muted, type your questions into the chat or 
use reactions to communicate with panelists. 
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Overview
Minnesota Department of Health

 Built upon a strong partnership between the Minnesota Department of Health (MDH), local public 
health agencies, tribal governments and a range of other organizations

 ~ 1,500 employees (not accounting for numerous contractors brought on board for COVID)

 Relies on a mix of state, federal, and other funds

 for the 2022-2023 state biennial period—from July 1, 2021 to June 30, 2023—the department's 
projected budget authority is $1.4 billion

 Had informatics activities in varying form since 2008 (pre-meaningful use)

 With an informatics leader/champion

 Earlier informatics activities were housed in Center for Health Information Policy & Transformation

 This office is more external facing and coordinates the Minnesota eHealth Initiative
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Overview
Office of Data Strategy and Interoperability
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 Created in 2019 to lead and drive 
interoperability efforts at MDH

 Provides vision, direction, and 
leadership to advance enterprise 
data strategies and data exchange 
with external partners and across 
MDH programs

 Oversees federal funding for public 
health interoperability, develops 
shared solutions, promotes 
standards and ensures security and 
privacy in data systems

 Direct reporting of DSI Director to 
the Deputy Commissioner of Health 
and connections with Executive 
Leadership



Data Management at MDH at start of COVID

▪ Typical investigation can use smaller tools

▪ Access

▪ REDCap

▪ Excel

▪ Larger investigations and standard disease surveillance require larger tools with IT 
infrastructure

▪ MEDSS (Minnesota Electronic Disease Surveillance System)

▪ MIIC (Minnesota Immunization Information Connection)

▪ Minnesota Vital Records (death certificates, birth certificates)

▪ All IT systems was moved to the Amazon cloud in 2018-2019
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All allow a user to design, change, 
manage without substantial information 
technology infrastructure needs 



Pre-Data Lake Challenges
Continual Need for Data Reporting
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▪ Changes to allow for additional data feeds or additional data 
elements required investments, especially IT staff/admin time

▪ Siloed data with different purposes and uses, combination of 
datasets was happening outside of the systems (for example by 
downloading sets locally and merge them) – very time consuming

▪ To expose our data to new tools and interfaces would require 
changes to source systems

Pre-Data Lake Challenges
Keeping up with New Tools 
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Data lakes 
overview 
session for 
Selected 
MDH Staff

Data Strategy 
team decided 
to identify a 
use case we 
could pilot

Use case 
identified (Death 
records and 
Trauma data)

Technical team 
went to 
workshop in 
Seattle to do a 
pilot 
implementation

COVID data lake 
active and in 
use

Move to Data Lakes for COVID Response at MDH

Dec 2019

Nov 2019

Jan 2020

March 2020

March 2019
MDH systems in 
Cloud environment

Aug 2020
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ALL MINNESOTANS
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MDH Data Lakes: Benefits

 Reporting platform from a single source

 Fast ingestion and consumption of disparate data sources 

 Increased speed and efficiency

 Ability to automate allowed for rapid experimentation and scalability

 Leveraging serverless technologies has led to reliability

 Improved collaboration

 Ability to access data outside of our legacy systems

 Lot of our data quality issues was caught when looking at the data in the data lake

 When we had a backlog with intake, we could look at numbers before they completed those steps



MDH Data Lakes: Challenges
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▪ It was easy to add data, not as easy to access and use

▪ Had to learn new ways, terminology and tools

▪ New skills needed, both IT to learn the technology and 
MDH to learn how to access the data and how to use it

▪ Initially focus on feeding data to other applications 
(such as CICT and texting), use and query of data didn’t 
get as much attention

▪ Uncertainty of what’s happening with the data and 
who can access it (lack of governance)

▪ Legacy system and data lake had different standards 
and data dictionaries (for example date fields)

▪ Competing priorities
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MDH Data Lakes: Lessons learned

 DSI office allowed for quick decision making

 Difference between a normal data repository (where you build the schema first) and the lake (where 

you have to add the schema/views) after – Needs special skillset

 Skills shift from IT to MDH, new ways of interacting with the data

 Other people in IT than what we were used to working with

 More conversations and documentation up-front when data was added to the lake and when views 

was created would have helped (creating naming standards etc)

 Lake need Governance and ownership

 AWS participation and assistance was critical

 Once we started, additional needs was identified quickly, enforcing the need for governance



MDH Data Lakes: Lessons learned
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 Knowledge sharing 
and training of MDH 
staff

 Better documentation 
and data dictionaries

 Governance

P RO TEC TING, MAINTAINING AND  IMP RO VING TH E H EALTH  O F ALL MINNESO T ANS

If we were to select the top 3 

most important items to make 

the MDH Data lakes a success for 

the future, what would it be?
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An Approach to Batch Master 
Patient Id Assignment
Mark Alexander

New York City Department of Health and Mental Hygiene

May 25, 2022



Purpose of the Patient Matching Project

• To explore, evaluate, and apply technologies for matching patient 
data across NYC DOHMH to offer agency wide solutions

• If a technology is adopted, interfaces can be customized for analysts 
to leverage
• Webservices that can be applied in a script

• Batch matching interface that can return data linked to internally assigned 
patient id



Mechanics of Implementation



Internally Developed Process

• Using Electronic Case Reporting (ECR) 
and Electronic Clinical Lab Reporting 
System (ECLRS) data as test systems, a 
batch matching process was built

• Using the agency’s Linux Python server 
and a SQL Server database, a process to 
match newly received patient records 
against ~3 years of patient records (~60 
Million records) from those systems was 
built for a limited scope Master Patient 
Index

• Python script is put on cron job on 
server

• Script interacts with SQL Server database via 
stored procedure

• SQLAlchemy python library used to efficiently 
write python pandas records to SQL Server 
database tables



Basics of Approach

Id First Name Last Name DOB Sex MPID

1 Mark Alexander 1/22/1990 M 1

2 Mark L Alexander 1/1/1990 M 1

Patient Records Paired Records & Modeling Features

Id1 Id2
First Name

Comparison
Last Name

Comparison
DOB
Exact

DOB
Comparison

Sex
Exact Match

1 2 0.89 1.0 0.0 0.87 1.0 1

Blocking

Id Reconcile

1. 
Records are added to table of 

demographic, contact, and id data

Validation is carried out to clean 
native fields and make derivative 

ones necessary for matching 

2. 
Pairs of records are created 

basic on join logic

3. 
Fields are constructing to 
compare records in pairs

4. 
Model applies score to pairs 

and determines whether 
records are matches or not

5. 
Pairs of ids are reconciled to 
determine which ids roll up 

to the same person and 
lowest id selected as Master 
Patient Id to link to original 

source ids



Importing Records
Considerations

o Incorrectly populated fields

o Default values or values populated 
with facility data

o Non-standardized addresses

o Message based systems tend to 
create duplicate records

Approaches

o Validation functions to populate fields

o Analysis of frequencies to find likely 
default or facility values

o Geocoding of records where possible

o A deterministic “naïve” deduplication 
step to represent many records with 
one

PatientRecordId System NativeSystemId FirstName LastName DOB Address Phone Email GeocodedAddress NaiveDedupePatientRecordId NaiveDedupe

1 1 14223164 Mark Alexander 1/22/1990 58 Farthington rd 5165554321 mark.alexander@vmail.com 58 Farthington Road 1 1

2 1 17946349 Mark Alexander 1/22/1990 58 Farthington road 5165554321 mark.alexander@vmail.com 58 Farthington Road 1 0

3 2 13891674 Mark Alexander 1/22/1990 58 Farthington rd 5165554321 mark.alexander@vmail.com 58 Farthington Road 1 0

4 1 17001075 Mark Alexander 1/1/1990 58 Farlington rd 5165554321 58 Farthington Road 4 1

5 2 11982166 Mark Alexander 1/1/1990 58 Farthington rd 5165554321 58 Farthington Road 4 0

6 1 19403406 Mark Alexander 1/1/1990 58 Farthington rd 5165554321 58 Farthington Road 4 0

All messages from ECR and ECLRS are 
assigned an autoincrementing integer Id 

while native system ids are captured in table

Geocoding is written back to table 
and building number and street 

info parsed to separate fields

Concatenating fields and 
hashing string, a naïve 

deduplicated value can be 
referenced with the lowest 
PatientRecordId assigned 

to matching rows and 
boolean denoting which 

record is original 
populated

mailto:mark.alexander@vmail.com
mailto:mark.alexander@vmail.com
mailto:mark.alexander@vmail.com


Blocking
• Blocking is the process of creating 

pairs of records for a matching 
algorithm to evaluate

• Records are paired together based 
on rules

• Rules too restrictive leave out pairs 
that should be matched, but have 
dissimilarities

• Rules too loose will add too many 
irrelevant pairs

• Incremental blocking only 
compares newly imported records 
with themselves and previously 
matched records

• Only NaïveDedupe = 1 records are 
used in blocking step

Blocking Rules (Union of All)

1. Phonetic Name, DOB Components

2. Contained Name, DOB Components

3. Name Tokens, DOB Components, Sex

4. Phonetic or Contains Name Switch, DOB Components

5. SSN

6. Email, DOB Components

7. Home Phone, DOB Components

8. Work Phone, DOB Components

9. EMR IDs

10. Building No, Zip, DOB Components

11. Street, Zip, DOB Components

12. NGrams, DOB Components

13. Partial SSN Last 4 Digits, DOB Components

Python script multithreads 
calls to blocking stored 
procedure running all 

blocking rules in parallel



Comparisons
Central question: 

• What helps determine whether two records belong to the 
same person? 

Approach

• Prepare a variety of features that measure dissimilarity of 
fields

• Include indicators of data quality and meta data to lend 
context to dissimilarities

• Blocking stored procedure makes simple comparison features; 
complex string comparisons are carried out by python server

Category Features Calculation

Demographics First Name Jaro Winkler, first letter match, token match

Last Name Jaro Winkler, first letter match, token match

Sex Exact match

DOB Exact match, Damerau Levenshtein, Date Difference

Zip Code Exact match, Damerau Levenshtein

Phone Exact match, Damerau Levenshtein

Building  No Exact match, Damerau Levenshtein

Street Jaro Winkler

SSN Exact match, Damerau Levenshtein

Email Exact match

Race Exact match

Ethnicity Exact match

Hispanic Min across pair, Max across pair

Asian Min across pair, Max across pair

Data Quality Invalid DOB Min across pair

Invalid SSN Min across pair

Invalid Email Min across pair

Invalid Phone Min across pair

One Letter Name Min across pair

Name Switch Exact match

Meta Data Record Date Date difference

First Name Freq Max across pair

Last Name Freq Max across pair

DOB Freq Max across pair
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Naïve Score

0.4*(Name Composite) + 
0.2*(DOB Match) + 
0.1*(Sex Match) + 

Base 
Score

Confirmatory
Score

0.3*(SSN Match) or 
0.3*(Address Match) or 

0.3*(Email Match) or
0.3*(Home Phone Match) 

Naïve score 
enables high 

level 
comparison of 
pairs prior to 

machine 
learning 
model



Applying Modeling
• Selected model is applied to all candidate pairs to classify them as matches or non matches

o Model is stored as pickle object on server for reference

• Matched pairs can be rolled up to person level entities and written back to PatientRecords table

Patient RecordId 1 Patient RecordId 2 Match

1 2 True

2 5 True

2 3 True

3 4 True

4 5 True

Matched Id Pairs

Master Patient Id Patient RecordId

1 1

1 2

1 3

1 4

1 5

All Patient Records Rolled up to 
Minimum Related Id (Master Patient Id)

Python process to recursively join matched id 
table to itself unwinds collection of pairs to 

lowest level patient record id



Modeling



Building Training Dataset

• Small amount of records verified as matches by agency surveillance tool contributed to 
training dataset

• Additional training data was manually labelled by:
1. Discretizing main comparison fields and taking random sample of records proportionate to share 

of panel of overall blocked pairs

2. Discretizing pairs by naïve score and taking random selection of pairs within score range

3. Selecting extreme scores of pairs based on query logic, manually inspecting panels, and 
classifying all pairs within panel



Modeling Process Summary

• Training dataset is divided into training and testing sets 
with 80-20 split ratio

• GridSearchCv is used to find optimal values of 
hyperparameters for a range of classifiers on training data

• Models are fit on training data and their classification 
performance is compared on test data

• Precision, Recall and F1 score are used as evaluation 
metrics

• Precision: What proportion of predicted positives is truly 

positive?
𝑇𝑃

𝑇𝑃+𝐹𝑃

• Recall: What proportion of actual positives is correctly 

classified?
𝑇𝑃

𝑇𝑃+𝐹𝑁

• F1 score: Harmonic mean of precision and 

recall 2*
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙



Current Model Results
ECR & ECLRS 2020

ECLRS ECR Total

Number of Records 17,960,955 499,394 18,460,349

Number of Unique Patients Identified 5,629,720 228,476 5,706,467

Validation Dataset Precision Recall F1 Score False 
Positive 

Rate

False 
Negative 

Rate

Random Forest Classifier 0.99986 0.993557 0.996701 0.000429 0.006443

Extra Trees Classifier 0.99984 0.993815 0.996820 0.000495 0.006185

Gradient Boosting Classifier 0.99941 0.995201 0.997305 0.001850 0.004799

Defining a 
probability threshold 
for classification to 

minimize false 
positives will greatly 
reduce merging of 
record sets across 

patients



Looking Forward



Building Resources to Share Across Agencies, pt 1

1. Completing and sharing standalone python library that can carry out bulk 
deduplication specifically for patient matching
• Without having to deploy database resources, library functions can accept a dataframe, a feature 

weighting dictionary, and score threshold, and the records within that dataframe can be assigned an 
MPID

• Current record linkage solutions can’t function on large datasets (this solution is being tested on 40 
millions records) and aren’t designed for specifically to match patients

2. Completing and sharing GUI for selecting record pairs from dataframe for 
labelling to build training dataset
• This draws on the library developed to carry out blocking and calculates large range of comparisons once 

user has manually inspected records and assigned labels



Building Resources to Share Across Agencies, pt 2

3. Building shared repo of anonymized pair level dissimilarity/similarity 
training dataset that analysts across agencies can model with

• Doesn’t include actual patient data, but exhaustive dissimilarity/similarity features based on pairs 
of real records

• Pools collective effort of labelling work to maximize benefit and minimize labor

• Prior project code discussed will be incorporated into solution

• Code to create dissimilarity/similarity features will be released publicly



'MatchStatus': 'Match', 'lastnamefirstname_eithernull': False, 'middlenamefirstname_eithernull': False, 'dob_eithernull': False, 'ssn_eithernull': False,

'firstname_eithernull': False, 'lastnamefirstname_comparison_exact': False, 'middlenamefirstname_comparison_exact': False, 'dob_comparison_levdam': 2, 'ssn_eitherinvalid': False,

'firstname_comparison_exact': False, 'lastnamefirstname_comparison_jaro': 0.45555555555555555, 'middlenamefirstname_comparison_jaro': 0.5396825396825397, 'dob_comparison_year': True, 'ssn_comparison_levdam': 0,

'firstname_comparison_jaro': 0.4305555555555555, 'lastnamefirstname_comparison_levdam': 5, 'middlenamefirstname_comparison_levdam': 6, 'dob_comparison_month': True, 'ssn_comparison_exact': True,

'firstname_comparison_levdam': 8, 'lastnamefirstname_comparison_nysiis': False, 'middlenamefirstname_comparison_nysiis': False, 'dob_comparison_day': False, 'ssn_comparison_longestoverlap': 9,

'firstname_comparison_nysiis': False, 'lastnamefirstname_comparison_initialmatch': False, 'middlenamefirstname_comparison_initialmatch': False, 'dob_comparison_monthdayswitch': False, 'ssn_comparison_firstthree': True,

'firstname_comparison_initialmatch': False, 'lastnamefirstname_comparison_contained': False, 'middlenamefirstname_comparison_contained': False, 'dob_comparison_daydiff': 21, 'ssn_comparison_lastfour': True,

'firstname_comparison_contained': False, 'lastnamefirstname_comparison_longestoverlap': 1, 'middlenamefirstname_comparison_longestoverlap': 2, 'sex_eithernull': False, 'ssn_eithernullorinvalid': False,

'firstname_comparison_longestoverlap': 1, 'lastname_eithernull': False, 'middlenamelastname_eithernull': False, 'sex_eitherinvalid': False, 'email_eithernull': False,

'firstnamelastname_eithernull': False, 'lastname_comparison_exact': False, 'middlenamelastname_comparison_exact': True, 'sex_comparison_exact': True, 'email_eitherinvalid': False,

'firstnamelastname_comparison_exact': False, 'lastname_comparison_jaro': 0.5619047619047619, 'middlenamelastname_comparison_jaro': 1.0, 'sex_eithernullorinvalid': False, 'email_comparison_exact': False,

'firstnamelastname_comparison_jaro': 0.6011904761904762, 'lastname_comparison_levdam': 6, 'middlenamelastname_comparison_levdam': 0, 'address_eithernull': False, 'email_comparison_levdam': 5,

'firstnamelastname_comparison_levdam': 6, 'lastname_comparison_nysiis': False, 'middlenamelastname_comparison_nysiis': True, 'address_eitherinvalid': False, 'email_comparison_user_exact': True,

'firstnamelastname_comparison_nysiis': False, 'lastname_comparison_initialmatch': False, 'middlenamelastname_comparison_initialmatch': True, 'address_comparison_street_exact': True, 'email_comparison_user_levdam': 0,

'firstnamelastname_comparison_initialmatch': False, 'lastname_comparison_contained': False, 'middlenamelastname_comparison_contained': True, 'address_comparison_street_jaro': 1.0, 'email_comparison_user_longestoverlap': 23,

'firstnamelastname_comparison_contained': False, 'lastname_comparison_longestoverlap': 1, 'middlenamelastname_comparison_longestoverlap': 7, 'address_comparison_street_longestoverlap': 6, 'email_eithernullorinvalid': False,

'firstnamelastname_comparison_longestoverlap': 1, 'lastnamemiddlename_eithernull': False, 'middlename_eithernull': False, 'address_comparison_number_levdam': 0, 'mrn_eithernull': False,

'firstnamemiddlename_eithernull': False, 'lastnamemiddlename_comparison_exact': False, 'middlename_comparison_exact': False, 'address_eithernullorinvalid': False, 'mrn_comparison_exact': False,

'firstnamemiddlename_comparison_exact': False, 'lastnamemiddlename_comparison_jaro': 0.5407407407407407, 'middlename_comparison_jaro': 0.5886243386243386, 'zip_eithernull': False, 'mrn_comparison_levdam': 5,

'firstnamemiddlename_comparison_jaro': 0.6481481481481481, 'lastnamemiddlename_comparison_levdam': 8, 'middlename_comparison_levdam': 5, 'zip_eitherinvalid': False, 'mrn_comparison_longestoverlap': 7

'firstnamemiddlename_comparison_levdam': 7, 'lastnamemiddlename_comparison_nysiis': False, 'middlename_comparison_nysiis': False, 'zip_comparison_exact': False,

'firstnamemiddlename_comparison_nysiis': False, 'lastnamemiddlename_comparison_initialmatch': False, 'middlename_comparison_initialmatch': True, 'zip_comparison_levdam': 4,

'firstnamemiddlename_comparison_initialmatch': False, 'lastnamemiddlename_comparison_contained': False, 'middlename_comparison_contained': False, 'zip_eithernullorinvalid': False,

'firstnamemiddlename_comparison_contained': False, 'lastnamemiddlename_comparison_longestoverlap': 1, 'middlename_comparison_longestoverlap': 2, 'phone_eithernull': False,

'firstnamemiddlename_comparison_longestoverlap': 2, 'fullname_comparison_jaro': 0.6835497835497836, 'phone_eitherinvalid': False,

Building Resources to 
Share Across Agencies, pt 3

• Below are a sample of the sort of features 
that could released with a match status

• The function call to the right is how you 
could generate the output below
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Use of Smarty in NM

• Reminder Recall Efforts

• Analysis and update of existing patient addresses

• Manually on patient demographic screen

• Automated address validation job 

• Rooftop Geocoding
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Why Smarty? 

• AIRA Support

• Envision Support

• Set up/implementation 

• Confidentiality 

• HL7 vs API

• Future plans for data improvement 
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Reminder Recall Efforts

NM currently uses the Command Line Interface for 
monthly address data cleansing to include:

- Child well visits 

- Child missed dose reminder recall

- Adult reminder recall
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Steps to Process a Command Line

The process/execution of the file is usually less then 30 seconds.  
The output file exports to a CSV/Excel file. 

The output file provides very useful information for the user to review 
addresses that have a valid address match or non match which 
could include: 
• Match-Vacant
• No Match
• No Match-PO Box Only
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Manual Address Processing

Prompted when a user adds or updated a patient 
address on patient demographic screen 
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Bulk Address Processing

Existing job within NMSIIS that analyzes existing 

patient addresses and automatically updates the 

address, if it meets a certain criteria 

• Runs every 15 minutes 

• Verifies unvalidated addresses added through 

HL7 and flat files 

• Validation completed on both physical and 

mailing address 
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PowerBI Smarty Report 
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Smarty Rooftop Geocoding

NM participated in the pilot program of using the Smarty Rooftop 
Geocoding in July 2021

US Rooftop Geocoding indicates the exact location of the structure 
using latitude and longitude coordinates
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Findings of Smarty Usage

- User Friendly

- Fast, simple, efficient

- Saves time and money

- Resources available 

- No other departments use Smarty in NM (that we 
are aware of) but we are advocates for it
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Kathryn Cruz, NMSIIS Manager 

Kathryn.Cruz@state.nm.us
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Questions and answer 
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Post in the chat Raise your hand Turn on your video
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Next Steps 

• Post additional questions on Circle - link provided in the chat

• Fifteen minute break 3:30– 3:45 PM EST

• Next session 3:45 PM EST
• Workshop reflections
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Thank you.


