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Table 1: Demographics of interview participants and duration
of CareCall use at the point of the interviews

R

Alias  Age Gender Duration of CareCall Use

Pl 65 Male 10 months
P2 66 Male 10 months
P32 61 Male 10 months
P4 61 Female 10 months
P5 65 Male 10 months
Pa Té Male 4 months

) 66 Female 10 months
2] 77 Male 10 months
=0 a1 Female 10 months
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B FINAL CODEBOOK FOR QUANTITATIVE ANALYSIS OF CALL LOGS

Category Code Code description Example
Mealssimple Whether a person has eaten, “Yeah, I just had hmch”
i tmp or whether they have an appetite T dom't really feel like eating”
Meals M eals-detail What kind of Tood a person had. T had Eimchi Sew for Tunch’
5 or why they have difficulty eating “T've mot been feeling well, 501 lost my appetite”
Sleep-simple Whether a persom sleeps well “Yeah, I'm having a good seep”
. B . . 1 have a hard time falling asleep”
Sleep Sleep detail lkh:f‘f ”Eﬁ“ﬁﬂﬂ}:ﬂ:ﬂfﬁg“ﬂ 1 often wake up in the middle of the night”
¥ ape ¥ slespmg “I couldn’t sleep well because of the back pain
‘Whether a person is experiencing "1 was a bit under the weather yesterday,
Health-simple any health issues that likely warrant but i I'm doing better”
climical care/attention “I'm feeling well”
. . . “T have a toothache”
Details about ane’s health issues, “T have leg pain, so 1 can't walk around much”
Health-detail ml:.ﬁ:ﬁipﬂ::;ci;mmm discomforts, “1 have been terribly ill over the last few days”
pam, o Ymploms. “My diabetes got worse™
e Heabh attrude | TPOMEHES.fclings, and attdes ik 0t b o v ety g p
toward their health and clinical treatment |, 1 ! ¥ IeE pam
I'm too obd to get better
- W.h.amcr & P'mm..’s “"m"!‘”‘-’. secking “Yeah, I've been seeing a doctor”
Clintcal-simple clinical care or taking medications regularky, ~{Are vou taking vour pills regularky?) Yes™
and whether they recently saw a doctor = {1 your piis Teguidrly ©) tes.
T'm taking pills for figh DR pressure.
Clinical - Details about clinical care being sought “T have a slipped disc”
Clinicak-detail (e, treatment, medical specialists) “T just went to see a dentist”
“1 got pain reliel shots on my back”
) Whether a person engages in ._I.m.'ﬂm ‘“f-".’““ fiome Lada\r
Activit y-simple anny social ar physical activities I'm just chilling at home”
: : “TI'm just watching TV
_ Delails abant one's social activities, 1 just came back from the community cener
Social-detail includi eople, place, and jobs I'm at my danghter’s place.
TiE pecpie. A} “I'm working as a babysitter”
Activity Dietzils about ene's physical activities, ._I.m dn.l..ng some launch?g.r s
. L - I'm taking some aerobic classes.
FPhysical-detail mchuling chores and exercises, . . o P
rensons i not & ed in amv I can't do any exercise ‘canse | have back pain’
- nesd . “I'm not dodng any exercise. Just in my wheelchair all day”
] o _ “T'm doing olay”
Wellbeing-simple How a person is doing in general “I'm a bt tired today”
[ . B ] ) “Tusually feel a bit tired in the moming ™
Wellbeing Wellbeing- detail E“;‘;‘J‘:; ﬁ;"s:c?a:j:;ﬂl‘; e”bel':lg 1 think 1 need some rest today”
i pec “Life is not enjoyable living alone. Don't have amyone around”
- . T like to drink coffee with sugar”
Hobbies Holbbies ]f_ﬁz'jﬁﬂ‘:&':‘n;;j::ms“' “I like to read detective fiction”
preterences, “T'm transcribing the Bible”
A user thanks the agent explicithy. “It was really nice of you to say that”™
Apprecimion Comventional expressions of thanks “Thanks for looking out for me”
i farewell are not inclhaded. “Thank you for checking in with me”
“T'm domg well. How are you domg”
Positive Reactions . A user interacts with the agent as if “By the way, what's your name?”
Anthromorphization it were A human being. “You have a great day”
Tl cook noodles for you one day”
“You're not a human. You're what. an answering machine™
, . ~ . “Stop playing the recording”
Nepative Feedbaok A user expresses fmustration to the agent. “It's definitely not a homan voire
You're just playing a recorded message, right?
A user does not respond to the agent’s
Megative Reactions Disresard question, or gives Yes/no answers “(What did you have for lunch?) Yeah™
ar to open questions, or hangs up the call “{Do you have amy plans for today )" [hung up]
without explanation
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LTMYe>

LTM™=

Code (# of calls = 576) (¥ of calls = 676) 95% Cls of Code Counts/Call
0 0.25 0.5 0.75 1.0 1.25
Meals-simple*** 573 (09.47) 455 (67.37) I—
Meals-detail*** 101 {17.5%) 29 (4.3%) -
Sleep-simple*** 192 (33.3%) 338 (50%) —
Sleep-detail 63 (10.9%) 53 (7.8%)
Health-simple* 566 (98.3%) 567 (83.4%) e
Health-detail*** 342 (59.47%) 182 (26.9%) ——
Health-attitude* B (13.9%) 46 (6.8%)
Clinical-simple*** 488 (834.7%) 307 (454%) A—
Clinical-detail*** 183 (31.8%) 91 (13.5%) —
Activity-simple 396 (68.8%) 554 (82.0%) -
Social-detail 95 (16.5%) 74 (11.0%) -
Physical-detail® 67 (11.6%) 151 (22.3%) =
Wellbeing-simple 186 (32.3%) 217 (35.1%) m—
Wellbeing-detail 9 {1.5%) 23 (3.4%) m
Hobbies 19 (3.3%) 44 (6.5%) e
0 025 0.5 075 1.0 1.25
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Table 3: Frequency of codes and 95% Confidence intervals of code counts per call in the LTMY*® (colored bars) and LTM"™
groups, which are relevant to reactions to the chatbot. The percentages do not add up to 100% as we muti-coded the dialogues.

LTMYES LTM™ .
5% C :
Code (¢ of calls = 576) (2 of calls = 676) 95% ClIs of Code Counts/Call

0 0.25 0.5 0.75 1.0 1.25

Appreciation®™* 505 (87.7%) 337 (49.9%) ——
Anthromorphization 59 (10.2%) 58 (8.6%) =

Negative feedback 20 (3.5%) 11 (1.6%) =

Disregard 139 (24.1%) 151 (22.3%) —

0 0.25 0.5 0.75 1.0 1.25
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Figure 3: Estimated means and 95% confidence intervals of code counts about Meals, Sleep, Health, Clinical, and Activity by the
cumulative number of LTM events in the LTMY®® group. The colored lines indicate the estimated means and the shaded areas
indicate 95% confidence intervals of the code counts per call for each code. Overall, the repeated experiences of LTM events led
to greater disclosure of more detailed information across the five categories.
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o Sleep-detail:p = 0.01
o Clinical-detail:p = 0.02

o Clinical-simple:p =0.047
o Activity—simple :p = 0.02
o Social-detail : p = 0.04
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