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Objective: Mapping OHDSI CDM data to HDF5 Jupyter Notebooks

Predicting which inpatients are at highest risk for a 30-day readmission is an important
factor for allocating care management resources. There is a rich literature of building Database table [ =~ Data P rocessin g
machine learning models for predicting hospital readmissions [1]. This poster demon- e
strates the first steps in building a reproducible workflow for predicting inpatient read-

mission based on normalized data stored in the OHDSI (CDM) Common Data Model.
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From the HDF5 container of the mapped OHDSI inpatient data a subset of the data is extracted into two separate matrices
/independent/core_array and /dependent/core_array.

In [11]: | readmission_names = np.array(["3@-day inpatient readmission"], dtype=visit_names.dtype)
readmission_names
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Qut[11]: array(['3e-day inpatient readmission’'],
dtype="5128")

import h5py
import numpy as np

In [12]: readmission_history_names = np.array(["Past history of 38-day inpatient readmissions"],
dtype=visit_names.dtype)

ohdsi_file name = "synpuf_inpatient_combined_ readmission.hdf5" # Edit this for your file
readmission_history_names

f5 = hSpy.File(ohdsi_file_name, "r")

Out[12]: array(['Past history of 38-day inpatient readmissions'],

# Define helper function for joining labels together dtype="]5128")

L def flatten_column_annotations(f5, base_path, abbreviation=None, field_separator="|", first_part=2, second
{8 janos_hajagos@chdsi-docker-instance-1: ~/data/ohdsi2hdf3 - Goegle Chrome - m] X part1): - - - - -
o 8 Secure | https://ssh.cloud.google.com/projects/ohdsi2hdfS/zones/us-east1-b/instances/ohdsi-docker-instance-17authuser="18&hl=en_US&L. B column_annctations = f5[base_path + "column_annotations"][...]
"ohc

In [13]: | los_names = np.array(["Length of stay in days"], dtype=visit_names.dtype)

number_of_columns = column_annotations.shape[1]
if abbrewviation is not MNone:
abbreviation = field_separator + abbreviation
else:
abbreviation = ""
flattened_list = [column_annotations[first_part, i] + field_separator
+ column_annotations[second_part, i] + abbreviation
for i in range(number_of_columns)]

In [14]: | # Helper function for finding
def find_positions(names_array, to_find):
return np.where(names_array == to_find)[8].tolist()

OHDSI Common Data Model allows healthcare data from various sources to be
stored in a single schema with a standardized vocabulary. It grew out of the work to
rigorously evaluate methods and data sets for detecting adverse drug events. JSON Document

n [15]:  gender_position = find_positions(person_names, “"gender_ concept_name|FEMALE™)

n [16]: age_in_years_position = find_positions(visit_names, "age_at_wisit_start_in_years_int™)
visit_start_julian_day_position = find_positions(visit names, "visit_start_julian_day™)

cleaned_flattened_list = []
visit_end_julian_day_position = find_positions(visit_names, "visit_end_julian_day™)

for name in flattened_list:
if name[-1] == field_separator:
name = name.strip()[:-1] : | condition_ap = f5[condition_path + "core_array"]
procedure_ap = f5[procedure_path + "core_array"”]
measurement_ap = fS[measurement_path + "core_array"]
observation_ap = f5[observation_path + "core_array"]
visit_occurrence_ap = f5[visit_occurrence_path + "core_array”]
person_ap = f5[person_path + "core_array"]
readmission_3@_day_ap = fS[readmission_38_day_path + "core_array"]
past_readmission_38_day_history_ap = f5[past_readmission_38 day_history_path + "core_array"]
(condition_ap.shape, procedure_ap.shape, measurement_ap.shape, observation_ap.shape, visit occurrence_ap.s
hape)

cleaned_flattened_list += [name]

return np.array(cleaned_flattened_list, dtype=column_annotations.dtype)

HDFS5 is a flexible file container for storing arrays in an organized structure. The con-
cept of groups which is similar to file paths allows the data to be stored in a hierarchy.

It supports a range of data types and compression methods. It has been used for stor- , e

ing and analyzing the data for the LIGO experiment to detect gravitational waves, B e S ) s
see: (https://losc.ligo.org/s/events/LVT151012/LOSC_Event_tutorial_LVT151012.html).

:  measurement_names = flatten_column_annotations(f5,measurement_path, abbreviation="M", second_part=8)

[EARITETETE MR [OEE] out[17]: ((667e@, 3559), (6G67@@, 1888), (66708, 41), (6670, 194), (6670@, 8))

. array([ 'Myelophthisis|134315|M",
"Abnormal results of cardiovascular function studies|13798%|M’,
'Urinalysis, by dip stick or tablet reagent for bilirubin, glucose, hemoglobin, ketones, leukocyte

In [18]: number_of_inpatient_stays = condition_ap.shape[8]
number_of_inpatient_stays

Out[18]: 66708

In [19]: | # First two positions age, gender, past history of readmission, los in days
. ., offset = 4
"Type 1 diabetes mellitus uncontrolled|48484648|M',

'Body mass index 25-29 - overweight|4868785|M'],
H DF5 dtype="[5128")

:  observation_names = flatten_column_annotations(f5, observation_path, abbreviation="M", second_part=8)
B Contour Plot 3 ]
observation_names[©:18]

number_of_columns = offset + condition_names.shape[@] + procedure_names.shape[8] +
measurement_names.shape[8] + observation_names.shape[@8]
number_of_columns

‘ "Type II diabetes mellitus uncontrolled|4e482861(|M°,

: 5686L

Fle_Help : array([ 'No matching concept|@|M’,
'Unilateral recurrent femoral hernia with obstruction but no gangrens|126731|M',
"Unilateral recurrent inguinal hernia with obstruction but no gangrens|197822|M",
'Unilateral recurrent inguinal hernia|281899|M’,
"Unilateral partial vocal cord paralysis|261847|M°,
'Unilateral complete paralysis of vocal cords|261888|M°,
"Patient need for|4811958|M°, "Palliative care|4@14823|M",
"Consultation|4014829|M', "Vaccination required|4815724|M"],
dtype="|5128")

JSON (Javascript Object Notation) is a format for storing data in a machine inde-
pendent way. Here it is used as an intermediary data format between a relational da-
tabase and HDF5.

B synpuf_inpatient_combined_readmission.hdf5 /ohdsi/condition_occurrence

: | independent_name_array_ds = wS.create_dataset("/independent/column_annotations”, shape=
(number_of_columns,),
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dtype=independent_name_array.dtype)

In [34]: independent_name_array_ds[...] = independent_name_array[...]

MName

:  person_names = flatten_column_annotations(f5, person_path, first_part=8)
person_names

In [35]: | dependent_array_ds = wS.create_dataset("/dependent/core_array”, shape=(number_of_ inpatient_stays, 1),

. array(['gender_concept_name|FEMALE', 'gender_concept_name|MALE', compression="gzip")
"race_concept_name|Black or African American’,
"race_concept_name|No matching concept’, 'race_concept_name |White’,
"ethnicity_concept_name |Hispanic or Latino',
"ethnicity_concept_name |Not Hispanic or Latino', 'birth_julian_day’,
'birth_date'],

dtype="5128")

=y

=7

HOF5 Dataset

In [36]: dependent_array_ds[...] = readmission_3@ day_ap[...]

Jupyter notebooks grew out of the iPython project. It is used for creating reproduc-
ible and documented computations using a range of backends (Python, R, Julia).

In [37]: dependent_array_name_ds = w5.create_dataset("/dependent/column_annotations™, shape=(1,),
dtype=readmission_names.dtype)

Shape

18]: visit_names = flatten_column_annotations(f5, visit_occurrence_path, first_part=@)
(66700, 3559)

visit_names In [38]: dependent_array_name_ds[...] = readmission_names[...]

Type
8-byte floating point

. array([ 'visit_concept_name|Inpatient Visit',
'visit_type_concept_name|Visit derived from encounter on claim’,

In [39]: | w5.close()

1 2

'age_at_visit_start_in_years_int', 'age at_visit_start_in_days’,

o o o > Me matching concept categorical_list _ . . . L
CMS SYNPUF (Synthetic Public Use File) was created to encourage developers to R S (1 [ = o FleCaS e foaritato,
- - - B core_array 'visit_start_datetime’, ‘visit_end_datetime’]
2 condition_concept 132392 Staphylococcal scalded skin syndrome categorical_list ) o ) dtvpac '_|5128 5 ’ - = ’
° . . ol e i . . H 3 condition_cencept 132393 Pressure ulcer stage 1 categorical_list File Visualize Window Help ype= In [41]: | list(f£5["/"])
build applications that utilize CMS’s Medicare data. It does not contain any PHI (Pro- = N T e l ot v st
° 5 condition_concept 132414 Chronic osteornyelitis of hand categorical_list Plot Data
HOF5 Dataset 6 condition_concept 132446 Congenital anomaly of skin categorical_list o e , "
o . o atas -~ : . i 49681 49682 49683 49684 49685 49686 49687 49688 In [42]: np.sum(ff5["/independent/core_array”][:,1:])
t t a t n rm tlon t I m X n r n t m n tr t t I_ T condition_concept 132491 Contusion of scapular region categorical_list
eC e e O a ° S CO p e a a ge e Oug O e O S a e e eaS Shape 8 condition_concept 132572 Chronic myeloid leukemia in remissio | categorical_list Core—array Out[42]: 1114223
(4,3559) 9 condition_concept 132583 Postablative hypothyroidism categorical_list
°l M M Tupe 10 condition_concept 132584 Thyroid hemorrhage and infarction  categorical_list In [43]: f5.close()
I I y Or a prOJec ° WaS I I lappe O e In ° ASCII String (128 characters) 11 condition_concept 132617 Diplegic cerebral palsy categorical_list w ff5.close()
12 condition_concept 132659 Acute apical pericdontitis of pulpal or categorical_list w

13 condition_concept 132703 Lichen planus categorical_list The file generated can now be used for building a predictive readmission model.

condition_concept 132706 Disorder of nail categorical_list v

HDF5 Dataset
Shape
i (66700, 3559)
Type
[ J 8-byte floating point

A 100,000 encounter subset of CMS’s SYNPUF (Synthetic Public Use File) and OHDSI vocabu-
lary files were loaded into a PostGreSQL (version 9.6) relational database system. Tables were
first denormalized at the visit occurrence level and the results were stored in temporary da-
tabase tables. A total of 66,700 inpatient visits were extracted from the relational database

Building a predictive readmission model

Mapping Results Variables occurring for 10% or greater of synthetic patients

In [1]: import h5py In [17]: Y_predict = pipeline_obj.predict(X_test)
import numpy as np ¥_predict[e: 188]
L] L] L]
out[17]: array([ &., @., ®., @., 8., @., 8., @., 8., @., 8., @., 8.,
as a set of JSON (Javascript Object Notation) documents. The JSON documents were i 121+ (7 Py e Tt resae o o st
A B € D E F G H | J 8. ., ., e., e., e., 9., a., 0., @., 0., a., a.,
i ' i i CDM HDF5 Number of| Non-zero o e it i SRR S SO S S I S S S S
mapped to a single 5 file. The mapped file contained multiple matrices where eac o b= o ot oo € e rcton e i 1 1+ ndependert_arvay = P Timiependersrcare_srroy 11 RO A R A S R A S S
° 2 |/computed/next/30_days/visit_occurrence  visit_concept_name Inpatient Visit categorical 6,421 1 0.0963 5,076 0.1344 independent_array.shape %] ., @., @&., ©., @., @., @., ., e., 0., @., 0.,
3 |/computed/next/days/visit_occurrence visit_concept_name Inpatient Visit categorical 26,833 1 0.4023 14,438 0.3822 - 8 é., @&., &., @&., @&., 8., @., 6., e., 6., e., a.,
. . o o . . ° Iable Group COIumnS elements 4 |[computed/next/has/visit_occurrence visit_concept_name Inpatient Visit categorical 28,920 04336 15,139 0.4007 . . o . 8 8., e., e., ., @., 0., @., 8., 9., 0., @., 8.,
row represents a separate inpatient visit and a column a teature associated with a aomain. 5 /computed/next/positon/vist occurrence it concept_name inptient Vit caegoricsl 20520 o6 1513 04007 In [4): | independent_labels - f5["/independent/colum_annotations"](. ] o, o.. o . 6. 6. 0. 0. o.], dype-Flost:2)
6 |/ohdsi/condition_occurrence condition_concept 0 Mo matching concept categorical_list 4,368 0.0730 4,601 0.1218 independent_labels[e: 16]
Both mapping steps are controlled by separate configuration files. The generated HDF5 file i s eIl P GuE[a):  srray([ gender concept. none|FEHALE', “Lengeh of stay in days',
ohdsi/condition_occurrence condition_concep ypothyroidism categorical_lis i . . . 'age_at visit start in years int', o, i i L .
pp g p y p g . g person /0hd5|/per50n 9 268,370 202 | /ohdsi/condition_occurrence condition_concept 201826 Type 2 diabetes mellitus categorical_list 14,220 02132 12,095 0.3201 'PESE history of BBjda§yinpaEient readmissions’ In [18]: from sklearn.metrics import classification_report
. R o R 1011/ /ohdsi/condition_occurrence condition_concept 313217 Atrial fibrillation categorical_list 11,099 0.1664 9,752 0.2581 ‘No matching concept|e|c’ ’
3
is then post processed and a 30-day readmission flag is appended to the HDF5 file as a sepa- o singlval and perdodontal diseasel 1523441 . Tn (191 report = classification. report(Ypredict, ¥_test)
p p y g pp p 1117 /ohdsi/condition_occurrence condition_concept 318800 Gastroesophageal reflux disease categorical_lisi 8,925 0.1338 8,121 0.2150 ‘Staphylococcal scalded skin syndroma|132392|C’
1127|/ohdsi/condition_occurrence condition_concept 319835 Congestive heart failure categorical_list 11,137 0.1670 9,590 0.2538 ‘Pressure ulcer stage 1]132393|C’ ! I 207 int N
1249| fohdsi/condition_occurrence condition_concept 42872402 Coronary arteriosclerosis in native artery categorical_list 11,360 0.1703 9,993 0.2645 'Post-laminectomy syndrome|132412|C’, n [20]: | print(report)
rate ata Set. 2313|/ohdsi/condition_occurrence condition_concept 435796 Dehydration categorical_list 4,839 0.0734 4,605 0.1219 ‘Chronic osteomyelitis of hand|132414[C'], precision recall fl-score support
.. / hd ./ 7 533 600 2473|[ohdsi/condition_occurrence condition_concept 437264 Tobacco dependence syndrome categorical_list 4,716 0.0707 4,450 0.1178 dtype="]5128")
VISIt Occurrence 0 SI person i 2528|/ohdsi/condition_occurrence condition_concept 437827 Pure hypercholesterolemia categorical_list 4,529 0.0679 4,323 0.1144 8.8 1.66 B.98 B.95 19966
— 2530|/ohdsi/condition_occurrence condition_concept 437333 Hypokalemia categorical_list 4,392 0.0658 4,166 0.1103 In [5]:  dependent_array = f5["/dependent/core_array”][...] 1.8 a.ae 8.16 e.al1 44
2712/ /ohdsifcondition_occurrence condition_concept 439697 Hypertensive renal disease with renal failure categorical_lisi 8,436 0.1265 7,434 0.1968 dependent_array = np.ndarray.flatten(dependent_array)
. ° 2721|/ohdsi/condition_occurrence condition_concept 439777 Anemia categorical_lisi 6,080 0.0912 5,622 0.1488 dependent_array.shape avg / total 1.8 .98 8.95 28818
Using a Jupyter/IPython3 notebook features are selected across multiple groups and as- » P
conartion onasi/conartion g /chdsi/identif ' ' purlels (eeree,)
ohdsi/identifiers person_id integer 66,700 3?,?80_
8,716 0.2307 In [21]: from sklearn.metrics import roc_curve

° . . o o . 3636/ /ohdsi/observation/count 4214956 observation_concept_History of clinical finding in subject count 9,721
sembled into a single matrix (66,700 rows by 5,686 columns). All conditions, observations, occurrence | _occurrence 3,95 410,535 e S -
procedures, and measurements were included. Additionally, the gender (female), length of . o e S e e

proced u re /OhdSI/prOCEd u re 1 I888 'I 77,437 3812/ /ohdsi/person ethnicity_concept_name Not Hispanic or Latino categorical 65,402

3213|/ohdsi/person birth_julian_day integer 66,700

stay in days, age in years, and past history of readmissions were included. In total there were (5 volpoaseconee  oiare o

6]: | np.sum{dependent_array)

—
=1
[+)

Oout[6]: 6421.8 In [22]: }mport matplotlib.pyplot as plt
import seaborn as sb

21,406 0.5666

1000
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In [7]: | dependent_labels = f5["/dependent/column_annotations™][...]

dependent_labels In [23]: Y_test_p = pipeline_obj.predict_proba(X_test)

IE
3
g
=

© array(['30-day inpatient readmission’], In [24]: |fpr, tpr, _ = roc_curve(Y_test, Y_test_p[:,1])

0.1959 11,368 0.3009 dtype=" |5128 "
Occu rre n ce _O ccu rre n ce 4097| [ohdsi/procedure_occurrence procedure_concept 2001220 Suture of laceration of palate categorical_list 4,607 0.0691 4,359 0.1154
6 241 30 d h ot | d ° . A d f t d | t ° d t d ° t 30 d —_ 4367|/ohdsi/procedure_occurrence procedure_concept 2002291 Other diagnostic procedures on lymphatic structures categorical_lisi 25,402 0.3808 19,620 0.5193 In [25]:  %matplotlib inline
- a OS a ea I I I SS O S a O I I I O eS I I IO e a S a e O e C - a 4556 [ohdsi/procedure_occurrence procedure_concept 2002987 Other resection of rectum categorical_list 6,443 0.0966 5,818 0.1540
7 y pl r I I n ° r n r W r I n p r I y / hd '/ 4576|/ohdsi/procedure_occurrence procedure_concept 2003090 Excision of anus categorical_list 6,846 0.1026 6,302 0.1668 In [8]: import sklearn In [26]: | sb.set style("darkgrid")
. . . . . measu rement 0 SI 41 5 55 1 4735|/ohdsi/procedure_occurrence procedure_concept 2003877 Other repair of urethra categorical_list 6,896 6,151 sklearn.__version__ plt. plgt('Fpr', -
readmission following discharge. To measure performance of the classifier the AUC (Area / e o100
° measurement 5704|/ohdsi/visit_occurrence visit_type_concept_name Visit derived from encounter on claim categorical 66,700 37,780 ' T Out[26]: [<matplotlib.lines.Line2D at @x1e4felde>]
5705|/ohdsi/visit_occurrence age_at_visit_start_in_years_int integer 66,700 37,780

37,780 In [2]: from sklearn.model_selection import train_test_split 10

Under the Curve) for the ROC (Receiver Operating Curve) was calculated P i R g b= i i | o
o Si 5708|/ohdsi/visit_occurrence visit_end_julian_day integer 66,700

. 5709|/ohdsi/visit_occurrence visit_start_datetime datetime 66,700
0 Servatlon 1 94 32,652 5710|/ohdsi/visit_occurrence visit_end_datetime datetime 66,700

37,780
37,780 In [18]: X_train, X_test, Y_train, Y_test = train_test_split(independent_array, dependent_array, test_size=8.3) 08
37,780
37,780

[ R i = i =R = = R R e R S R i R e R il =R e B =i e R i R i e R i i e i i i R R e R R R

I ! b t. In [11]: X _test 0
eS u ItS : 0 Serva Ion out[11]: array([[71, 11, 1, e, @, 8], .
[52, 7, 1, e, 6, o],
’ [79, 9, 8, 8, 8, 8],
e 02
[48, &5, 1, 8, 8, @],
[68, 2, 1, a, @, 8], a0
7.3, 1 e e el oo 02 04 08 o8 10

In [12]: from sklearn.pipeline import Pipeline

The HDF5 file generated from the SYNPUF inpatient visits set is 7.59 Mb (Megabytes),
the post processed file is 9.40 Mb, and the file used in the predictive model fitting is . .
4.85 Mb. The complete analysis of the data can be found in the Github project: CO”CI usion:
https://github.com/SBU-BMI/MappingOHDSI2HDF.

In [13]: from sklearn.feature_selection import VarianceThreshold
from sklearn.feature_selection import SelectKBest
from sklearn.ensemble import RandomForestClassifier

In [14]: | variance_thresh = VarianceThreshold()
select_k = SelectKBest(k=108)
random_forest = RandomForestClassifier()

pipeline_steps = [("remove_zero_variance", variance_thresh),
("select_features”, select k),

The approach described here shows that it is possible to run machine learning workflow against health care data of
realistic size and complexity using data in the CDM as a source. It was not expected that the model would produce

In [16]: pipeline_obj.fit(X_train, Y_train)

meaningful results due to the synthetic nature of the underlying data. By utilizing the CDM as the data model it re-

steps=[('remove_zero_variance', VarianceThreshold(threshold=8.8)), ('select_features’, SelectKBest(k=

A random forest model with a population of 500 trees and two feature selection steps:
remove zero variance features and select K best features (ANOVA F-score with 250 fea-
tures) were utilized to predict 30-day inpatient readmission. On the testing set which
was not utilized for training the total (AUC) area under the curve was 0.53. The predic-
tive ability of the model trained on the CMS's synthetic data to predict 30-day read-
mission is poor.

188, score_func=<function f_classif at @xBesoeespe734B9e8>)), ('random_forest', RandomForestClassifier(boo

moves some of the uncertainty in the data modeling process. Using the approach and tools described here it would T, S g i

oob_score=False, random_state=None, verbose=8,
warm_start=False))])

be possible to train multiple models across different CDM datasets and compare the performance of 30-day predic-
tive models and estimate the ability of the transference of the trained models across different datasets.
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