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Table 3. Multivariable Logistic Regression Model for Predicting

Development of Critical lliness in 1590 Patients Hospitalized With

COVID-19in Wuhan ) -
Variables 0dds ratio (95% Cl) P value . T ) Aabumin =
X-ray abnormality (yes vs no) 3.39(2.14-5.38) <.001 N—— & Memestanin il ol
Age, per y 1.03 (1.01-1.05) .002 et~ i — s ;
Hemoptysis (yes vs no) 4.53(1.36-15.15) 01 e TR [ e :_E____
Dyspnea (yes vs no) 1.88(1.18-3.01) .01 o r__._ it -_t_—
Unconsciousness (yes vs no) 4.71(1.39-15.98) .01 . r_ p—
No. of comorbidities 1.60 (1.27-2.00) <.001 N cxul N B sl
T — T TTRESEYE) s SHAR vaiue (mpact on model utput) SHAR valus. (mpact on moder outaut)
Neutrophil to lymphocyte ratio 1.06 (1.02-1.10) .003 (b) pher = o
Lactate dehydrogenase, U/L 1.002 (1.001-1.004) <.001 3»)»»;‘.'...”..-i_m;w
Direct bilirubin, pmol/L 1.15(1.06-1.24) .001 VS S VS B S P BN B o
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Constant

0.001

Abbreviation: COVID-19, coronavirus disease 2019.
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Model Training

min, f (w)
fw) & =3, fi(w)

fw)

' Loss f(w)

Randomly initialized weight w

1%

Compute gradient Vf(w) |

»
»

Wepr = we — V(W) w
(Gradient Descent)

Learning rate 1 controls the step size

How to stop? — when the update
is small enough — converge.

| Wwepq —we lIS €

v

or IVf(wy) lI<e€

https://inst.eecs.berkeley.edu/~cs294-163/fal9/slides/federated-learning.pdf
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Stochastic Gradient Descent

* At each step of gradient
descent, instead of compute —iarchigradientidascent
for all training Samples — Mini-batch gradient Descent
. ! — Stochastic gradient descent
randomly pick a small
subset (mini-batch) of
training samples

Wer1 < We — V(W Xk, Vi)

https://medium.com/analytics-vidhya/gradient-descent-vs-stochastic-gd-vs-mini-
batch-sgd-fbd3a2cb4bad
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Federated Learning
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===p Training local model
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Delivering new global
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™

G Security control
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Xu, Jie, Benjamin S. Glicksberg, Chang Su, Peter Walker, Jiang Bian, and Fei Wang. "Federated learning for healthcare informatics." Journal of Healthcare Informatics
Research (2020): 1-19.
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OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS

| Person — Standardized health Standardized
system data metadata
_.| Observation_period | =I Location |v\ | CDM_source |
_’| Visit_occurrence Lﬂ Location_history | | Metadata |
; st PN > Visit_detail { Care_site }/ Standardized
2 & Russia H
[ ' {é"\ =I Condition_occurrence |+ Provider r} vocabularies
gonads KPS = | Concept |
| ! ‘( (7. \%:\j ?' 'ém' xm AN o~ o Drug_exposure /|// standardized derived
/ Wance Mongolia
f‘ Ar:\\/ ",' - g 'r | elements | Vocabulary |
.' b g o » Procedure_occurrence |‘(

| Condition_era | | Domain |

'ﬂ 4 Spain /-
& -,.' North el ' China ‘ A :nea“ 2
Atlantic Afghanist
) Iran : e
Algeria  |jpys  EgYPt Pl
Mexico Saudi Arabia India

Device_exposure |
= Drug_era |
Mali  Niger Sudan Thelland g | Concept class |
(B, P, ' Measurement | Dose_era | =
Y Colombia IJ c : | " h -
ey k- - oRe— —Kelys | oncept_relationship |
N S st Pagustew Note Results schema

Standardized clinical data
v

L

i o Peru Angola
Bolivia m
Ram Madagascar A
- : South El fana Oc ! Aus’
uth Chile o4
2 it Atlantic
C ) Ocean South Africa

|~>| Note_NLP | Cohort | Relationship |
.f Cohort_definition | Concept_synonym |

Survey_conduct
Argentina New
R Observation M Standardized health | Concept_ancestor |
economics
Specimen | | Cost | | Source_to_concept_map |
Fact_relationship | | Payer_plan_period | | Drug_strength |

https://ohdsi.github.io/TheBookOfOhdsi/OhdsiCommunity.html

https://ohdsi.github.io/TheBookOfOhdsi/CommonDataModel.html

10


https://ohdsi.github.io/TheBookOfOhdsi/OhdsiCommunity.html
https://ohdsi.github.io/TheBookOfOhdsi/CommonDataModel.html

Federated SGD

e Inaroundt:

o The central server broadcasts current model w; to each client; each client k computes
gradient: g, = VF,(w;), on its local data.

m  Approach 1: Each client k submits gy ; the central server aggregates the gradients to generate a
new model:

o Wi < W —nVf(Wy) = wy — nZ’;\f:l%gk-

m Approach 2: Each client k computes: W£‘+1<— w; — Ngk; the central server performs

aggregation:

K "k_ k
® Wiy & Zk=17Wt+1

https://inst.eecs.berkeley.edu/~cs294-163/fal9/slides/federated-learning.pdf
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Federated Averaging

Algorithm 1 FederatedAveraging. The K clients are
indexed by k; B is the local minibatch size, E is the number
of local epochs, and 7 is the learning rate.
Server executes:
initialize wy
for eachroundt =1,2,... do
m < max(C - K, 1)
S; + (random set of m clients)
for each client k£ € S; in parallel do
wy, ; « ClientUpdate(k, w;)

K ng kK
W1 = D et e Wit

ClientUpdate(k, w): // Run on client k
B < (split Py, into batches of size B)
for each local epoch ¢ from 1 to /' do

for batch b € B do
w < w — nVL(w;b)
return w to server

1. At first, a model is randomly
initialized on the central server.

2. For each round t:

i. A random set of clients are
chosen;

ii. Each client performs local
gradient descent steps;

iii. The server aggregates
model parameters
submitted by the clients.

McMahan, Brendan, Eider Moore, Daniel Ramage, Seth Hampson, and Blaise Aguera y Arcas. "Communication-efficient learning
of deep networks from decentralized data." In Artificial intelligence and statistics, pp. 1273-1282. PMLR, 2017.




Study Population

Adults
hospitalized with o

laboratory-confirmed
COVID-19

N=4029
Study Locations

(+)
i

Primary Outcome

b

5 hospitals in
New York City

LUl

Mortality within 7
days of admission

Models

| ocal

Local data from
each hospital
individually trained

Pooled

All individual
hospital data
aggregated for
training

Federated

Central
aggregator

with only

model
parameters
shared between
hospitals

Classifiers

LASSO MLP
(Least absolute shrinkage (Multilayer
and selection operator) perceptron)

Learning Framework Comparisons

Model performance across 5 hospitals:
AUC-ROC® (95% CI) values

LASSO MLP
0.666 0.766
Local (0.662-0.671)  (0.763-0.769)
0.792 0.798
Pooled  47000704)  (0.796-0.800)
0.766 0.810
Federated (,7630768) (0.808-0.812)

*Area under the receiver operating characteristic curve

Summary: Federated model classifiers outperform locally trained classifiers in predicting mortality among

hospitalized patients with COVID-19.

Akhil Vaid, Suraj K Jaladanki, Jie Xu, Shelly Teng, Arvind Kumar, Samuel Lee, Sulaiman Somani, Ishan Paranjpe, Jessica K De Freitas, Tingyi Wanyan, Kipp W Johnson, Mesude
Bicak, Eyal Klang, Young Joon Kwon, Anthony Costa, Shan Zhao, Riccardo Miotto, Alexander W Charney, Erwin Béttinger, Zahi A Fayad, Girish N Nadkarni, Fei Wang, Benjamin
S Glicksberg. "Federated learning of electronic health records to improve mortality prediction in hospitalized patients with COVID-19: Machine learning approach." JMIR medical

informatics 9, no. 1 (2021): e24207.



Characteristic Mount Sinai Mount Sinai Hospital Mount Sinai Morningside Mount Sinai Mount Sinai P value
Brooklyn Queens West
Number of patients, 611 1644 749 540 485 _ b
n
Gender, n (%)
Male 338 (55.3) 951 (57.8) 411 (54.9) 344 (63.7) 257 (53.0) 004
Female 273 (44.7) 693 (42.2) 338 (45.1) 196 (36.3) 228 (47.0) 004
Age (years), median 72.5 (63.6-82.7) 63.3(51.3-73.2) 69.8 (57.4-80.3) 68.1 (57.1- 66.3(52.5-77.6) <.001
(IQR) 78.8)
Ethnicity, n (%)
Hispanic 21 (34) 460 (28.0) 259 (34.6) 198 (36.7) 111 (22.9) <.001
Non-Hispanic 416 (68.1) 892 (54.3) 452 (60.3) 287 (53.1) 349 (72.0) <.001
Unknown 174 (28.5) 292 (17.8) 38 (5.1) 55 (10.2) 25(5.2) <.001
Race, n (%)
Asian 13 (2.1) 83 (5.0) 16 (2.1) 56 (10.4) 27 (5.6) <.001
Black/African 323 (52.9) 388 (23.6) 266 (35.5) 64 (11.9) 109 (22.5) <.001
American
Other 54 (8.8) 705 (42.9) 343 (45.8) 288 (53.3) 164 (33.8) <.001
Unknown 27 (44) 87 (5.3) 25 (3.3) 14 (2.6) 14 (2.9) <.001
White 194 (31.8) 381 (23.2) 99 (13.2) 118 (21.9) 171 (35.3) <.001



Model Mount Sinai Mount Sinai Hospital Mount Sinai Morningside Mount Sinai Mount Sinai West
Brooklyn (n=611), (n=1644), AUROC (95% CI) (n=749), AUROC (95% CI) Queens (n=485), AUROC
AUROC (95% CI) (n=540), AU-  (95% CI)
ROC (95% CI)
LASSO model
Local 0.791 (0.788- 0.693 (0.689-0.696) 0.66 (0.656-0.664) 0.706 (0.702- 0.482 (0.473-
0.795) 0.710) 0.491)
Pooled 0.816 (0.814- 0.791 (0.788-0.794) 0.789 (0.785-0.792) 0.734 (0.730- 0.829 (0.824-
0.819) 0.737) 0.834)
Federated 0.793 (0.790- 0.772 (0.769-0.774) 0.767 (0.764-0.771) 0.694 (0.690- 0.801 (0.796-
0.796) 0.698) 0.807)
MLP model
Local 0.822 (0.820- 0.750 (0.747-0.754) 0.747 (0.743-0.751) 0.791 (0.788 - 0.719 (0.711-
0.825) 0.795) 0.727)
Pooled 0.823 (0.820- 0.792 (0.789-0.795) 0.751 (0.747-0.755) 0.783 (0.779- 0.842 (0.837-
0.826) 0.786) 0.847)
Federated (no 0.829 (0.826- 0.786 (0.782-0.789) 0.791 (0.788-0.795) 0.809 (0.806- 0.836 (0.83-0.841)
noise 0.832) 0.812)
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Federated learning for predicting clinical outcomesin
patients with COVID-19
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Federated learning (FL) is a method used for training artificial intelligence models with data from multiple sources while main-
taining data anonymity, thus removing many barriers to data sharing. Here we used data from 20 institutes across the globe to
train a FL model, called EXAM (electronic medical record (EMR) chest X-ray Al model), that predicts the future oxygen require-

ments of symptomatic patients with COVID-19 using inputs of vital signs, laboratory data and chest X-rays. EXAM achieved

an average area under the curve (AUC) >0.92 for predicting outcomes at 24 and 72 h from the time of initial presentation to
the emergency room, and it provided 16% improvement in average AUC measured across all participating sites and an average
increase in generalizability of 38% when compared with models trained at a single site using that site's data. For prediction of
mechanical ventilation treatment or death at 24 h at the largest independent test site, EXAM achieved a sensitivity of 0.950
and specificity of 0.882. In this study, FL facilitated rapid data science collaboration without data exchange and generated
a model that generalized across heterogeneous, unharmonized datasets for prediction of clinical outcomes in patients with

COVID-19, setting the stage for the broader use of FL in healthcare.
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Data Types and Model Arc

Category Subcategory Component name Definition Units LOINC code

Demographic - Patient age - Years 30525-0

Imaging Portable CXR - AP or PA portable CXR - 36554-4

Lab value C-reactive protein C-reactive protein Blood c-reactive protein mg |7 1988-5
concentration

Lab value Complete blood count (CBC) Neutrophils Blood absolute neutrophils 10° 7 751-8

Lab value CBC White blood cells Blood white blood cell count 10° |7 33256-9

Lab value D-dimer D-dimer Blood D-dimer concentration ng ml” 7799-0

Lab value Lactate Lactate Blood lactate concentration mmol | 2524-7

Lab value Lactate dehydrogenase LDH Blood LDH concentration Ul 2532-0

Lab value Metabolic panel Creatinine Blood creatinine concentration mg dI! 2160-0

Lab value Procalcitonin Procalcitonin Blood procalcitonin concentration ng ml™ 33959-8

Lab value Metabolic panel eGFR Estimated glomerular filtration ml min®1.73 m? 69405-9
rate

Lab value Troponin Troponin-T Blood troponin concentration ng ml” 67151-1

Lab value Hepatic panel AST Blood aspartate aminotransferase U | 1920-8
concentration

Lab value Metabolic panel Glucose Blood glucose concentration mg dI” 2345-7

Vital sign - Oxygen saturation Oxygen saturation % 59408-5

Vital sign - Systolic blood pressure Systolic BP mmHg 8480-6

Vital sign - Diastolic blood pressure Diastolic BP mmHg 8462-4

Vital sign - Respiratory rate Respiratory rate Breaths min™ 9279-1

Vital sign COVID PCR test PCR for RNA (not used as input 95425-5
to model)

Vital sign Oxygen device used in ED Oxygen device Ventilation, high-flow/NIV, - 41925-9
low-flow, room air

Outcome 24-h oxygen device Oxygen device Ventilation, high-flow/NIV, - 41925-9
low-flow, room air

Outcome 72-h oxygen device Oxygen device Ventilation, high-flow/NIV, - 41925-9
low-flow, room air

Outcome Death = = = =

Outcome

Time of death

Hours

itecture

: Combination output layer

P @

p= SigInOid(Wlogitxstack + blogit) T

___________

_____________

________________________

___________

@ Dense feature

© Sparse feature () Cross layer

(O Embeddingvec @ Deep layer

@ Output

Wang, Ruoxi, Bin Fu, Gang Fu, and Mingliang Wang. "Deep &
cross network for ad click predictions." In Proceedings of the
ADKDD'17, pp. 1-7. 2017.
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Model Performance

Client

10

“NWHhUITON®©

o

500

1,000

1,500 2,000

No. of images (total 16,148)

2,500

3,000

1.00
0.75
@)
D
< 0.50
>
<
0.25
0
1 2 3 4 5 9 10 11 13 15 16 17 18 19 20 Avg.
Client
Client 1 2 3 4 5 6 7 8 9 10 11 13 15 16 17 18 19 20 Av.
Local 0.910| 0.892| 0.731| 0.869| 0.848| 0.716| 0.916| 0.887| 0.816| 0.803| 0.702( 0.805( 0.722| 0.812| 0.755( 0.698( 0.889( 0.542| 0.795
FL (gl. best) 0.938| 0.902| 0.912| 0.929| 0.950| 0.857| 1.000| 0.961| 0.849| 0.935( 0.950( 0.925( 0.979( 0.839( 0.806( 0.958( 1.000( 0.875( 0.920




Decentralized Optimization

1% Parameter 1§ 25 25
S Server S 2 2| 2

4 S Centralized 5.1

/ o' |\ =0 | Centralized
S .9.1% ?1% E 1IN E 1|\
- Sos| "~ Decentralizen Sos| '~ 0
Z & . e e . Decentratized: = - = - = . -
0 500 1000 0 500 1000
.9.1% gﬂ% §1 9@1% Time (Seconds) Time (Seconds)
. . ResNet-20, 7GPU, 10Mb b) ResNet-20, 7GPU, 5

(a) Centralized Topology (b) Decentralized Topology (a) ResNe Pe (b} ResNe ms
Algorithm 1 Decentralized Parallel Stochastic Gradient Descent (D-PSGD) on the ith node
Require: initial point x(; = x(, step length -y, weight matrix W, and number of iterations K

1: fork=0,1,2,...,K—1do

2: Randomly sample j ; from local data of the i-th node

3: Compute a local stochastic gradient based on ¢y ; and current optimization variable xy ;: VF;(x ;; Cx ;)

4: Compute the neighborhood weighted average by fetching optimization variables from neighbors: x; 1=

b
i1 Wijxy
5: Update the local optimization variable xyq; < %, 1; — YVF(xXpi; Gri)C
7 57 7 ’
6: end for
7: Output: % ?:1 XK i d Lian, Xiangru, Ce Zhang, Huan Zhang, Cho-Jui Hsieh, Wei Zhang, and Ji Liu. "Can

decentralized algorithms outperform centralized algorithms? a case study for

decentralized parallel stochastic gradient descent." Advances in Neural Information

Processing Systems 30 (2017).

21



Algorithm 1 AD-PSGD (logical view)
Require: Initialize local models {:CO} ', with the same initial- (a) VGG loss 100Gbit/s (b) VGG loss 10Gbit/s

ization, learning rate -y, batch size M, and total number of " "
iterations K. 92 2 2
1: fork=0,1,..., K —1do = =
2: Randomly sample a worker 45 of the graph G and ran- S 1 1 =
domly sample an averaging matrix W} which can be depen- © ©
dent on . o | , = |
3: Randomly sample a batch 0 50 100 0 500 1000
— (5 ik ) time/s time/s
: k17k2"“’k,M
from local data of the iy th worker. (c) ResNet loss 100Gbit/s (d) ResNet loss 10Gbit/s
4: Compute the stochastic gradlent locally " "
[72] 0
(@] o 2
A'L AT - -
gk CUkk 7 k: . Z VFE (& k ) o =
[= c 1A
- © ©
5: Average local models by “ = D = el
1 2 n 12 n ' ' 0 —— ===
[Tht1/2 Tht1/25 - > Thp1/2] < [Tk, Ty - - - T | Wi 50 100 0 200 400 600
6: Update the local model time/s time/s
Nk i
TRy $k+1/2 Y9k (2575 &,°), ——- AllReduce D-PSGD —— EAMSGD —— AD-PSGD
$k+1 — xk+1/27v] # Uk
7: end for
8: Output the average of the models on all workers for inference. Lian, Xiangru, Wei Zhang, Ce Zhang, and Ji Liu. "Asynchronous
: ) ) decentralized parallel stochastic gradient descent." In International
“Note that Line 4 and Line 5 can run in parallel. Conference on Machine Learning, pp. 3043-3052. PMLR, 2018.
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Algorithm 1 Differential Private AD-PSGD

1: Initialization: Initialize all local models {w{}& € RY
with w?, learning rate 7, batch size B, privacy budget

= W N

*

o

10:

(¢,0), and total number of iterations 7.
: Output: (¢, 0)-differentially private local models.

: for<t =0,1,...,T — 1> do

Randomly
1 ot,2
( kt » Skt »

sample

B
gt(VAVk;t ; é}it) = Z vV Fyt (VAth ; f,i’tz)
1=1

Add noise

rem 1.

t4+1/2 _ t+1/2
[W1 y Wo

t+1

J
end for

Randomly sample a worker k' of the graph G and
randomly sample an doubly stochastic averaging matrix
A; € REXE dependent on kt;

Compute stochastic gradient g*(wt.; &r,) locally

Average local models by

1/2
e W / |  [w

Update the local model:

704

a batch &, =

- §Z}B) € RY*B from local data of the %]
k'-th worker with the sampling probability n% ;

Accuracy(%)

s

' (Whes &) = 9" (Whes &) + 0,
where n € R? ~ N(0,02I) and o is defined in Theo- 60

301

- ngt(vAth ; Eltct)a

t+1/2 .
witl — W, / VY # KL

90 1

801

60 4

50 A

404

304

efficientnetb0

.

80 1
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—
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50 4
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senetl8

—— SYNC Small
—— ADPSGD Small
—— SYNC Medium
—— ADPSGD Medium
——— SYNC Large
—— ADPSGD Large

40 80 120 160 200 240 280 320

Xu, Jie, Wei Zhang, and Fei Wang. “A (DP) $* 2% SGD: Asynchronous Decentralized Parallel
Stochastic Gradient Descent with Differential Privacy.” IEEE TPAMI To Appear (2021).
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Warnat-Herresthal, Stefanie, Hartmut
Schultze, Krishnaprasad Lingadahalli
Shastry, Sathyanarayanan Manamohan,
Saikat Mukherjee, Vishesh Garg, Ravi
Sarveswara et al. "Swarm Learning for
decentralized and confidential clinical

machine learning." Nature 594, no. 7862
(2021): 265-270.
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Learning to Collaborate

AJAT AT A

—————— T -_—en e en e e o -— e e - -
@ l

(a) Benefit Graph (b) Finding stable coalition (c) Re-build Benefit Graph (d) Collaboration Equilibrium

Algorithm 1: Achieving collaboration equilibrium

Input: N institutions I = {I*}}_, seeking collaborating with others
Set original client set C' < I;
Set collaboration strategy S < ();
while C # () do
forall client I' € C do
| Determine the OCS of I* by SPO;

Construct the benefit graph BG(C);

Search for all strongly connected components {C L2, C’k} of BG(C) using Tarjan
algorithm;
foralli=1, 2, 3,... kdo
if C is stable coalition then

L C + C\C" 5

S+ SU {Cz}; Sen Cui, Jian Liang, Weishen Pan, Kun Chen, Changshui Zhang, Fei
L Wang. Learning to Collaborate. https://arxiv.org/abs/2108.07926 .

Output: collaboration strategy S 2021.
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RESEARCH ARTICLE

SHARE
© Dissecting racial bias in an algorithm used to manage

o the health of populations

Ziad Obermeyer'2”, Brian Powers?®, Christine Vogeli*, Sendhil Mullainathan®"*

@ + See all authors and affiliations

Science 25 Oct 2019:
@ Vol. 366, Issue 6464, pp. 447-453
DOI: 10.1126/science.aax2342

Health systems rely on commercial prediction algorithms to identify and help patients with complex
health needs. We show that a widely used algorithm, typical of this industry-wide approach and
affecting millions of patients, exhibits significant racial bias: At a given risk score, Black patients
are considerably sicker than White patients, as evidenced by signg of uncontrolled illnesses.
Remedying this disparity would increase the percentage of Black patients receiving additional

help from 17.7 to 46.5%. The bias arises because the algorithm predicts health care costs rather than
illness, but unequal access to care means that we spend less money caring for Black patients than
for White patients. Thus, despite health care cost appearing to be an effective proxy for health

by some measures of predictive accuracy, large racial biases arise. We suggest that the choice of
convenient, seemingly effective proxies for ground truth can be an important source of algorithmic
bias in many contexts.
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Federated
Fairness

ADZSk(h) —€, <0 Vke {1, .,N}

ADP, = |P(Y*F = 1|AF = 0) — P(Y* = 1]4% = 1)

Definition 1 (Multi-client fairness (MCF)). A learned model h achieves multi-client fairness if h
meets the following condition:

(1

where ADisy(h) denotes the disparity induced by the model & and ¢, is the given fairness budget
of the k-th client. The disparity on the k-th client A Disj can be measured by demographic parity
(DP) [8] and Equal Opportunity (EO) [9] as follows:

. . (2)
AEO, = |P(Y* =1|A* =0, Y =1) - PY* = 1|A* = 1,Y" = 1)
— min  [11(h), la(h), In(R)] st ge(h) —ex <O Vk € {1,., N}
n 0.25 Disparities with £=0.05 Accuracies with £€=0.05
' 022 Il MMPF B FedavetFair I MMPF B FedavetFair
020 N FA N ours 0.9 BN FA B ours
N %»0.15 5}0'8 0.807 0.823 0.820
2
£ 0.10 S
0.7
0.05
0.00 0.6
PhD Non-PhD PhD Non-PhD
Sen Cui, Weishen Pan, Jian Liang, Changshui Zhang, Fei Wang. Addressing Algorithmic Disparity and Performance Inconsistency in Federated Learning. 27

https://arxiv.org/abs/2108.08435 . NeurlPS 2021.
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Conclusions

* Clinical problems are typically complicated with limited sample

size. Clinical data are sensitive. All these make federated
learning important.

« Data standardization/harmonization is important before federated
learning can be applied.

* To further protect the privacy, differential privacy/block chain techniques
could be helpful.

* Incentives/benefits are important to consider for participating in
federated learning.

* In addition to model accuracy, model fairness could be important as
well.
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