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Medical Care Coordination (MCC) 

• LAC Dept PH, Division of HIV & STD Programs funded LAGLC 
in Fall 2012 to implement 
 

• LAGLC’s Jeffrey Goodman Clinic quadrupled staff during 
roll-out of program in 2013 
 

• Integrates medical & non-medical case mgmt. 
 

• Coordinates behavioral interventions and support services 
with medical care 
 

•  Team members co-located at patient’s medical home 
 

• Focus on moving patients to a “self-managed” state 
 



MCC – Acuity-Driven Service Intensity 
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Acuity Levels 

 
Monitoring patient acuity enables the MCC team to  track  patients’  progress.    As  patients’ 
acuity levels change over time, which are tracked through on-going assessment, the 
intensity and frequency of MCC services are adjusted accordingly.  Therefore, regular 
patient monitoring and reassessment is required.  The MCC team documents any changes 
to acuity in progress notes and revises the integrated care plan (ICP) to address these 
changes. 
 
The different acuity levels are: 

 Severe 
 High 
 Moderate 
 Self-Managed 

 
See page 26 for full descriptions of each acuity level. 
 

Acuity-Driven Service Intensity 

 
Acuity-driven service intensity leads to a patient-centered approach and allows the MCC 
staff to tailor service delivery based on the patients’ needs.  Patients with severe acuity 
levels (the highest need) receive the most intensive services, while those with lower acuity 
levels (high and moderate) receive less intensive services based on the fact that they have 
fewer or less demanding needs. 
 
The table below illustrates the minimum service delivery schedule by acuity level 

 

Table 2: Minimum Service Delivery by Acuity Level 

 
 MCC SERVICE ACTIVITY (MINIMUM) 

ACUITY 
LEVEL 

Registration/ 
Screening 

Re- 
Assessment 

ICP Brief 
Interventions 

Ongoing 
Follow-Up 

Case 
Conference 

Severe Every 6 
months 

Every 30 
days 

Every 30 
days 

Weekly Weekly Monthly 

High Every 6 
months 

Every 90 
days 

Every 90 
days 

Monthly Monthly Quarterly 

Moderate Every 6 
months 

Every 6 
months 

Every 6 
months 

Every 90 days Monthly Every 6 
months 

Self-
managed 

Every 6 
months 

n/a n/a Referrals as 
needed 

As needed n/a 

  

Prtotocol & materials: http://publichealth.lacounty.gov/dhsp/MCC.htm 



MCC - Multidisciplinary team  

• Medical Care Manager (MCM) – RN 
• Suggested lead coordinator 

• Delivers brief interventions on: patient education, treatment 
adherence, managing side effects, medical nutrition therapy, co-
infections, preventative care and risk reduction.   

• Patient Care Manager (PCM) – MA level counselor 
• Assess psychosocial needs 

• Delivers brief interventions on: substance misuse, mental health, risk 
reduction and disclosure/partner notification. 

• Case Workers (CW) – BA level counselor, nurse, SW 
• Assists MCM and PCM with patient monitoring, reassessment, 

service linkages, plan updating, patient follow-up, and tracking 
outcomes.  

• liaison between Counseling & Testing sites and the medical clinic 

• Administrative Coordinator & Support team (3 people) 



MCC Brief Interventions:   Motivational 
Interviewing w/ SoC 
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 Change Talk invites the patient to make the argument for change by eliciting 

types of statements that indicate readiness to change.  Types of change talk are 
categorized as follows:  

 Desire to change (I want…) 
 Ability to change (I can…) 
 Needs to change (I should…) 
 Commitment to change (I will…) 
 Reason to change (it’s  important  because…) 

The acronym DANCR is frequently used to refer to these five categorizes of change 
talk. 

 
Figure 1 below illustrates how the Transtheoretical model and MI techniques can be used 
effectively in the delivery of MCC towards the goal of behavior change: increased treatment 
adherence and HIV risk reduction.   
 

Figure 1.   Medical Care Coordination Model Components:  Stages of Change (SOC) and 
Related Behavior Change Strategies  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 

 
Adapted from (Abramowitz, Flattery, Franses, & Berry, 2010). 
SOC=stages of change; MI=motivational interviewing; OARS=open-ended questions, affirmations, 
reflections and summaries 

 

ASSESSMENT 
Identify patient needs and strengths (acuity) 

and readiness to change 

 

PRECONTEMPLATION: 
No need for change 
SOC: education about 
impact of behavior change 
MI: Ask-Tell-Ask, pros and 
cons, OARS, change talk 

 

CONTEMPLATION: 
Ambivalent –low importance or 
low confidence to change  
SOC: explore ambivalence & 
behavior 
MI:  Importance, confidence, 
OARS, change talk 

 

PREPARATION: 
Ready to change 
SOC: develop a plan for 
and commit to change 
MI: agenda setting, OARS, 

change talk 

Goals are NOT met 

INTEGRATED CARE 
PLAN (ICP) 
MCC team & patient 
collaborate to set Care 
Plan goals for change 
including: 
-Service referrals 
-Brief interventions 

 

ACTION/ 
MAINTANENCE: 
Support new behaviors 
SOC: identify rewards & 
supports, counter-
conditioning, stimulus control 
MI: OARS 

 

 

FOLLOW-UP/ 
REASSESSMENT 

Track ICP progress 

 

Goals are met 

 
 



Research Goal - Tech Supports for MCC 



Data driven feedback loops for patient-centered care 

& for different people 



Self-monitoring for self-management 
& Ecological Momentary Intervention  

• Self-monitoring 
– Awareness of feelings, symptoms, thoughts, actions, 

and patterns 

– Behavior Change by reminder, mindfulness, or logging 
to track and motivate progress 

 

• Ecological Momentary Interventions (EMI)  
– In the moment interventions,  

– Text messages, IVR calls, smartphone app prompts 

– Tailored to individual’s needs and patterns  

 

 

 



create interactions, send custom messages back based 

on specific conditions that you set

Chorus is used to create a series of ‘interact ions’ to engage wit h clients.  The above example is a blood sugar  

monitor app. On t he left in blue is t he prompt to be sent to cl ients: “ Hello! What is your blood sugar today?”  

On the right, you can set any number of cond itions to dynamically respond to. In t his example, the app 

responds based on blood sugar values wit h custom messages based on if it is: low, normal, or high.  

You can determine how complex you want to make t he set of interact ions - from a simple reminder message 

to a series of interact ions that teach people a new way to build r esiliency.



reach out to users with recurring schedules 

Chorus has built-in scheduling features allowing administrators to setup recurring schedules to start 

interact ing with users (“ pushing”  out new interact ions).  You can set the interact ion to start wit h (above 

showing an insulin reminder), the method to reach out (text message or voice cal l), a specific group of people 

to send the message to, and t he recurring schedule.  Important ly, each scheduled at tempt can be mod ified 

individually allowing unlimited complexity of schedules and incorporat ion of except ions.  Opt ionally, you can 

also setup repeat at tempts if users do not respond: in the above example, send ing the second at tempt on 

the following Monday in t he afternoon, and t he third attempt on the next weekend day in t he evening.



Smart Apps:  Smart Reminders or Triggers for Surveys 

and EMI: 

Location-based Time-based 

Tangmunarunkit, et al 



Affect, Symptoms, QoL, Triggers, Cravings 

From APC 1 with Dr. Cathy Reback at Friends Research Institute:   
“EMA to Support MSM in Outpatient Methamphetamine Treatment” 



Behaviors, Coping Strategies, etc. 

From APC 1 with Dr. Cathy Reback at Friends Research Institute:   
“EMA to Support MSM in Outpatient Methamphetamine Treatment” 



Feedback  to Patients/Clients, even Providers 



Ohmage suite of tools 
A:4 H. Tangmunarunkit et al.

ohmage Backend 
(Web APIs for access-controlled data storage, management, and visualization)

Mobility AudioSens SystemSensohmage ohmage MWF

Self-report Data Collection Apps Passive Data Collection Apps

Mobile Data Collection Apps  

Trialist

ohmage Web 
FrontEnd

LifeStreamsProject 
Authoring

Interactive 
Dashboards

ohmage
Explore Data

Survey
Gathering

Web-based Data Visualization and AnalysisWeb-based Data Management and Administration

Customized 
Tools

Passive Data 
Visualization

Fig. 1: Ohmage system architecture and its end-to-end PS software suite.

wrapper” ). Ohmage supports a r ich set of prompt types including: 1) single/mult iple
choices with the opt ion for users to define addit ional choices; 2) number; 3) free-text ;
4) t imestamp; 5) mult imedia such as pictures, videos or audios; and 6) a remote activi ty
that launches a third par ty applicat ion, such as a game app to assess at tent ion. Each
prompt and message can opt ionally set a condit ion based on previous prompt responses
that determines whether or not it should be displayed. For instance, a prompt ”Did
you take your medication before, after, or wi thout food?” can be set to display if the user
responded ”Yes” to the previous prompt ”Did you takemedicat ion X thismorning?” This
capabil i ty enables a more interact ive and responsive survey answer ing exper ience.

A project can be scr ipted in the XML format that conforms to the ohmage project
schema [Ohmage 2010a]. I t can be manually created or automat ical ly generated by
an interact ive Project Author ing tool (descr ibed in Sect ion 3.4). Along with the XML
content , there are also metadata (e.g. ID, name, creat ion t ime, running state, etc.)
associated with a project . Once a project is validated and uploaded, it wil l become
available for par t icipants to collect data. Upon submission, al l survey responses are
validated against the project definit ion for correctness. Each uploaded survey response
has an associated pr ivacy state (i.e. pr ivate or shared); by default , i t is set to pr ivate.

Passive data

Passive data refers to data streams that are passively and cont inuously collected from
mobile device sensors or applicat ions. An observer defines a set of passive data streams
including their payload schemas and metadata. The payload schema descr ibes the
structure and data types of the payload. The metadata determine whether a unique ID,
t imestamp and locat ion wil l be provided for each payload record. Similar to a project ,
an observer can be scr ipt ed in the XML format that conforms to the ohmage observer
schema [Ohmage 2010a]. Once an observer is uploaded, passive data streams conform-
ing to the observer definit ion can then be submit ted to ohmage. All passive data are
validated against the observer definit ion for correct ness. There are current ly three
mobile apps that submit their passive data to ohmage: Mobil i ty, AudioSens, and Sys-
temSens (descr ibed in Sect ion 3.3). We are also working on integrat ing third-par ty
sensing apps, such as funf [Aharony et al. 2011a], to use the observer APIs.

In submission to ACM Transact ions on Intel l igent Systems and Technology, 12-30-2013.



Data driven feedback loops for patient-centered care 

& for different people 



Dashboards for Providers & Patients 

From APC 1 with Dr. Cathy Reback at Friends Research Institute:   
“EMA to Support MSM in Outpatient Methamphetamine Treatment” 



From APC 1 with Dr. Cathy Reback at Friends Research Institute:   
“EMA to Support MSM in Outpatient Methamphetamine Treatment” 



Life Streams – Pattern Change Detection 

schedule deviation (1st row) shows moderate correlations with both 

her daily overall stress level (5th row) and the late afternoon stress 

level (11th row). Note that the work schedule deviation is defined 

in Section 2.1.2 and the daily overall stress level is the stress level 

that a participant rated before bedtime. These correlations between 

work schedule and the mentioned stress levels were confirmed by 

the participant—she mentioned that her occasionally-varying work 

schedule was one of her causes of stress since she could not 

maintain her regular routines on those days when her work schedule 

changed. This result also aligns with behavioral studies of working 

schedule control [39]. 

The matrix also reveals a strong negative correlation between the 

daily amount of time she spent in Place 1 (new house; 4th) and 

Place 2 (old house; 3rd row); which is consistent with the 

participant moving into a new house during the study period. 

Moreover, the correlation matrix highlights moderate to strong 

correlation between her new house and lower stress levels, less 

concern about finances, and increased time for herself; all of which 

were confirmed by the participant. In addition, when she had a 

larger daily geo-diameter (15th row) or a longer driving distance 

(16th row), her cause of stress was more likely due to the traffic (6th 

row). Finally, there is a strong correlation between her reported 

exercise time and the daily walking time detected by our activity 

classifier. This was also verified by the participant, who reported 

that her primary exercise activity was walking around the 

neighborhood.  

3.3.2 Correlation statistics across all participants  
In addition to the 2D correlation matrix for an individual, a 

population-wise 3D correlation matrix can provide researchers with 

an overview of significant patterns among the population, and can 

also help an individual understand how they fit in with the broader 

population. Figure 6 shows a selective set of pairwise features that 

have at least 25% of participants with correlation coefficients 

higher than 0.3. Note that the number of participants and/or 

coefficient levels can be changed to different thresholds. For some 

pairwise features the data show consistent correlation across 

multiple participants. For example, there are 11 participants that 

have a negative correlation between whether they exercised or not 

(2nd row) and daily overall stress level (12th row), and between the 

time they had to themselves (8th row) and daily overall stress level. 

Moreover, interestingly, comparing the stress levels at different 

times of day and the overall stress level, only 8 participants show 

positive correlation between the reported morning stress level (11th 

row) and the overall stress level (12th row), while 19 and 20 

participants show positive correlation between the reported mid-

day stress level (10th row) and the overall stress level, and the late-

afternoon stress level (9th row) and the overall stress level, 

respectively. 

In addition, for some pairwise features (e.g. whether a participant 

exercised vs. planning to exercise), the data show both positive and 

negative correlation among different participants. For example, for 

one participant, having a plan to exercise (3rd row) has a negative 

correlation with whether the actual exercise took place (2nd row). 

3.4 Single feature change detection 
We found the single feature change detection algorithm (described 

in Section 2.3.2) to be one of the most useful building blocks in 

helping researchers make sense of behavioral data. Feedback from 

participants and the study coordinator was consistent with this 

finding.  

Figure 7 shows sample change detection results for participant 016. 

The solid vertical lines in the plots indicate the change points 

estimated by our change detection algorithm, and the dashed lines 

following the solid vertical lines indicate the time when the 

corresponding change is detected by the algorithm. Based on the 

information we learnt in a follow-up interview with the participant, 

we found that the change detection results were consistent with the 

participant’s real life events. This participant is over-weight and 

reported that she became more concerned about her health around 

the beginning of June. This can be seen by the increasing number 

of times she reported her health as the cause of the stress (3 is the 

maximum number per day), and the increasing daily overall stress 

levels, both of which are detected by our algorithm. In addition, she 

also reported that she stopped eating at restaurants and enrolled in 

a weight-watcher program, which corresponds to the improvement 

in food quality detected in June and July. Moreover, the participant 

reported taking a two-week family trip at the beginning of July, 

which can be seen from the increase in her driving distance as well 

as the decrease in the walking time around the same period.  

 

 

Figure 6. A 3D correlation matrix of all 44 participants. 

This figure shows an overview of significant patterns among 

the participants. The number on the left (and right) of each 

cell indicates the number of participants with negative (and 

positive) correlation coefficients higher than 0.3.  
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Figure 7. Sample single feature change detection results for a 

participant (Startup=30 days, ARL0=500). This figure shows 

changes detected across daily stress levels, diet, exercise 

routines, and driving distances. 
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Lifestreams Dashboard: an interactive visualization 
platform for mHealth data exploration

Cheng-Kang Hsieh, Hongsuda Tangmunarunkit, Faisal Alquaddoomi, John Jenkins,  
Jinha Kang, Cameron Ketcham,  Brent Longstaff, Joshua Selsky, Dallas Swendeman,  

Deborah Estrin, Nithya Ramanathan 
University of California, Los Angeles, USA

1. Introduction 
Participatory mHealth incorporates a variety of new 

techniques, such as continuous activity traces, active 

reminders and prompted inputs [1,2] to personalize 

improve and disease management. The collected data 

streams are intended to allow individuals and care givers to 

systematically monitor chronic conditions outside the 

clinical settings, to identify the lifestyle factors that may 

aggravate these conditions, and to support personalized 

patient self management. One of the key challenges in 

realizing this vision, is turning these diverse, noisy, and 

evolving data streams into actionable information. 

Ultimately we need to identify data stream features that can 

be automatically extracted and fed back to apps and 

interventions in order to increase the effectiveness, 

autonomy and scalability of patient self-care.  

As part of a six-month pilot study in Los Angeles, we 

developed an end to end system to support health services 

researchers and other domain experts to data generated 

during an mHealth pilot with  young mothers who 

collectively generated 15,599 survey responses and 3,834 

days’ worth of continuous mobility. In this poster, we 

present Lifestreams Dashboard, the interactive 

visualization platform designed to facilitate the exploration 

of mHealth data streams, and to aid the discussions with the 

participants.  

Lifestreams Dashboard is a module residing in the 

visualization layer of Lifestreams Data Analysis Software 

Stack [3], which supports a pipeline of personal analysis 

modules. It is intended to support identification and 

evaluation of datastream features in support of iterative 

design processes in which the developers build a prototype 

based on the requirements specified by the health 

researchers who evaluate the efficacy and usefulness 

through the interviews with real-world mHealth study 

participants. We use data acquired during our 6-month pilot 

in which the 44 young mothers recorded both self-reports 

and passive data about their diet, stress and exercise to 

demonstrate the functions of Lifestreams Dashbaord. These 

functions include:  

a. a change-detection-based filtering function that helps 

pinpoint the features that have been changed during the 

study 

b. a color-coded correlation matrix that helps select the 

features that possess correlations higher than a 

controllable threshold with other features 

c. a selective correlation analysis tool that helps the study 

of the correlations and the correlation changes between 

a group of heterogeneous features  

d. a location trace analysis module that helps discover 

patterns in participants’ daily trajectories  using wifi-

signature clustering techniques (See Figure 1). 

 
Figure 1 Lifescreams Dashboard Screenshots. (a) Change-

detection-based feature filtering function (the solid black 

lines in the plots represent the estimated change time). (b) 

Adjustable correlation matrix. (c) Location trace analysis 

module, and d) location cluser tool.1 

 

Acknowledgments 
This study was funded by NIH Grant #RC1HL099556 and NSF 

UCLA Center for Embedded Networked Sensing (CENS) 

Cooperative Agreement #CCF-0120778.   

 

References 
[1] S. Consolvo, D.W. McDonald, et al. Activity sensing 

in the wild: a field trial of ubifit garden. In Proceedings of 

the twenty-sixth annual SIGCHI conference on Human 

factors in computing systems, pages 1797–1806. ACM, 

2008. 

[2] D. Estrin and I. Sim. Open mhealth architecture: an 

engine for health care innovation. Science, 330(6005):759–

760, 2010. 

[3]   Cheng-Kang et al., Lifestreams: a modular software 

toolset for exploring patterns from everyday life, CENS 

Technical Report #105. 

                                                                 

1 The geo-information in the map has been obfuscated to protect 

the participant privacy. 

(a)

(c) (d)

(b)



Care Coordination & Case Management 

From Mobenzi.com 

http://www.Mobenzi.com


Fidelity Monitoring & Support for 
Intervention Deliverers (& Dose/Exp.) 



Thank you 
 

Dallas Swendeman, Ph.D., M.P.H. 
dswendeman@mednet.ucla.edu 

http://chipts.ucla.edu/;   
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