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Abstract: We study Xingye AI (星野·AI皆你所见), a generative emotional companion used by Chinese Gen Z. This research took advantage of 
a quantitative research approach by employing survey as the data collection method and descriptive statistics as the data analysis method. With 
survey data from N = 402 active users, we tested a dual-path model: two risk factors (bedtime procrastination and problematic use) and two 
protection factors (anthropomorphism and perceived empathy). We also used hierarchical regression models. Risks align with higher depression, 
anxiety, loneliness, and sleep disturbance; protections show the opposite pattern. Adding protections improves model fit across outcomes (ΔR² ≈ 
0.06–0.09). Beyond these behavioral results, we turn them into design. The coefficients set parameters for an adaptive pacing mechanism and a 
lightweight bandit/RL updater that tunes empathy and timing per user. The loop keeps a supportive tone by day and discourages over-engagement 
after 23:00. This links measurement to implementation and points to well-being-oriented affective computing.
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1. Introduction
Large language model (LLM) companions are now common 

among young people. They are always on, remember prior chats, and 
can offer comfort. This makes them useful during study breaks and late-
night unwinding. The same features can also lead to more checking, 
later bedtimes, and poorer sleep [1, 2]. They also create a strong sense 
of social presence that encourages reliance [3].

Two behavioral risks are central here. Bedtime procrastination 
is the delay of going to bed despite feeling tired [2, 4]. Problematic 
use refers to compulsive or hard-to-control engagement measured with 
short, validated tools [5]. Both can appear when a companion stays 
available late at night.

Two affective features may protect users. Anthropomorphism—
seeing the system as more human-like—can increase trust and social 
presence [6]. Anthropomorphism has been widely discussed as a key 
factor shaping users’ perceptions and interactions with intelligent 
systems [7]. Perceived empathy—feeling understood and supported—
is linked to better coping and well-being [8]. These ideas align with 
broader accounts of motivation and life evaluation [9]. In conversational 
AI, design choices that raise empathy or human-likeness may offset risk 
[10, 11].

Most studies treat risks and protections separately. Few test them 
together in one model for mental health and sleep outcomes in companion 
use. Recent work on generative AI companions notes “double-edged” 
effects and calls for integrated tests [12]. We address this gap using 
Xingye AI (星野·AI皆你所见) with Chinese Gen Z users. We test 
a dual-path model that includes two risks (bedtime procrastination 

and problematic use) and two protections (anthropomorphism and 
perceived empathy) and relates them to depression, anxiety, loneliness, 
sleep disturbance, and subjective well-being [13, 14]. We use brief, 
validated instruments common in behavioral health and human–AI 
interaction (HAI) research [4, 5, 8, 15]. We examine correlations and 
then estimate hierarchical regressions to see whether protections add 
explanatory power beyond risks.

Contributions. This study makes three contributions that 
integrate empirical modeling with implementable design principles for 
AI companions. 

1) An integrated, quantitative test of risks and protections within one 
model for LLM companions used by Gen Z. Through this study, we 
developed four constructs (bedtime procrastination, problematic 
use of AIs, anthropomorphism, and perceived empathy) into an 
empirical framework. These four constructs collectively account 
for how Gen Z user’s experience mental illness, social isolation 
and loneliness, and well-being and sleep disturbance from daily 
interaction with AI companions. This framework allows a clearer 
understanding of both how risk factors are established and how 
protective factors are identified via regular interaction with AI 
companions. 

2) A clear measurement package with brief, validated instruments that 
supports comparability and low burden [4, 5, 8, 15]. Alongside 
standard regression analysis, we translate psychological factors into 
input data for determining pace, controlling availability, adjusting 
tone, and calibrating persona as a means of assessing the interaction 
between users and the AI companion. By applying the standard 
regression coefficients, we can provide users of the AI companion 
with a matrix of numerical weights, which allow users to translate 
validated evaluations into actionable means for enhancing their 
well-being through the use of the AI companion. 
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3) Design implications that link the constructs to pacing, tone-shaping, 
and empathy modules in companion systems (Figures 1–3), aligning 
with well-being-oriented affective computing [12, 16]. The results 
from the empirical studies thus far have not yet been incorporated 
into a functioning system but rather provide a basis for developing 
more usage-based adaptive pacing personalization in the future. 
The relative magnitudes of the coefficients will indicate which of 
the aforementioned variables (throttling or smoothing) and/or when 
to adjust (nighttime or daytime) will indicate how to prioritize 
them. Model gain results (ΔR² = 0.06–0.09) further show that 
incorporating protective factors substantially improves prediction 
beyond risk-only approaches.

2. Literature Review
Conversational AI companions have moved into everyday use. 

They keep context, reply in natural language, and create a felt sense 
of “being with someone,” especially in mobile and late-night settings 
[3, 11]. At the same time, adjacent media and sleep research warns that 
frequent checking and nighttime sessions relate to emotional exhaustion 
and poorer sleep. Recent reviews and meta-analyses confirm robust 
links between electronic-media use and reduced sleep quality [17]. 
This background frames a field with double-edged potential. Relevant 
studies [16, 18–22] synthesize many current academic works on AI’s 
application to the user experience of VR, detection/recognition of scene 
text (OCR), management of supply chains, readiness for Industry 4.0, 
and predictive analytics (wine quality, HR demand, etc.) and discuss the 
key methods and trends within those areas, as well as research gaps that 
were not filled by the authors themselves.

Current evidence tends to follow two strands. One examines 
behavioral self-regulation and uses compact constructs to capture 
dysregulated engagement. Bedtime procrastination means going to bed 
later than intended and is tied to poorer sleep and next-day functioning 
across settings [4]. Problematic use refers to compulsive or hard-to-
control engagement measured with brief validated tools adapted from 
social and smartphone contexts [5]. Both patterns become more likely 
when availability extends into the night, keeping conversations active 
and pushing bedtimes later [23]. The other strand examines relational 
support. Anthropomorphism can raise social presence, trust, and 
willingness to rely on the agent, while perceived empathy—feeling 
understood and supported—relates to coping and well-being [24, 
25]. These findings align with broader accounts linking supportive 
interactions to higher well-being and life evaluation [9]. Recent work 
on generative companions therefore frames effects as double-edged 
and calls for integrated tests that place risks and protections in the same 
structure [12].

In practice, modern companions run an LLM with memory/persona 
layers that shape tone and style. They are governed by availability and 
pacing policies that decide when and how often replies are sent [3, 11, 
24]. High availability can push conversations into the night and produce 
bursty exchanges, amplifying the sleep risks identified in media and 
sleep literature [7]. To manage this trade-off, many deployed systems 
adopt lightweight online personalization: dialogue-policy learning in 
reinforcement learning and contextual bandits adjust tone and pacing 
from ongoing signals via small, incremental updates [26–28]. Reviews 
of empathic agents add that reviews report improvements in user 
experience in mental health contexts while also cautioning against over-
engagement and over-reliance [29].

User reports echo this mix of comfort and caution. People value 
warmth, continuity, and a clear sense of presence, especially when 
empathy cues are salient [29]. Trust is conditional: human-like style 
can help, but scripted or “too perfect” replies can feel inauthentic; 
anthropomorphism can raise expectations and, when mismatched, invite 

doubt [30]. Some users worry about spillover into offline life—such 
as displaced attention in close relationships—consistent with evidence 
on distraction in intimate settings and thin work–life boundaries [31]. 
Requested improvements are broadly consistent: clearer nighttime 
boundaries, adjustable availability, transparent tone/persona settings, 
and brief supportive responses rather than long late-night chats [23, 
32]. Preferences vary by age and culture; we therefore treat warmth and 
boundaries as design levers rather than fixed prescriptions.

Despite these advances, many studies still analyze risks or 
protections in isolation, limiting inference about their relative roles 
for mental health and sleep in the same population and setting [5, 8]. 
Affective-computing research offers measurement and design frames, but 
fewer studies close the loop from validated constructs to implementable 
policies for pacing and tone in companion systems [33, 34]. Guided by 
these strands and user reports, the present study selects two behavioral 
risks—bedtime procrastination and problematic use—and two affective 
protections—anthropomorphism and perceived empathy—measured 
with brief, validated instruments common in behavioral health and HAI 
[4, 5, 8, 15]. This selection allows an integrated test of their relative roles 
for depression, anxiety, loneliness, sleep disturbance, and subjective 
well-being in one model while keeping respondent burden low [13]. 
It also prepares a bridge from measurement to implementable design: 
parameters that inform availability and pacing at night and calibrate 
tone and empathy toward well-being goals [26, 27].

Figure 1 presents the conceptual framework used in this study. 
Risk factors on the left (problematic use and bedtime procrastination) 
and protective factors on the right (anthropomorphism and perceived 
empathy) connect to outcomes at the center (depression, anxiety, 
loneliness, sleep disturbance, and subjective well-being). Potential 
moderators appear at the top (digital boundary, adult attachment, and 
peer/school support). In the present analyses, we test the risk and 
protection paths; moderator influences are theorized for context and 
future work.

This review motivates the dual-path model and the hypotheses 
that follow and keeps a clear line from prior evidence to measures, 
analyses, and later design implications.

3. How Gen Z Use Emotional-AI Companions: 
Sample, Measures, and Design Hooks

3.1. Research questions and hypotheses
We examine whether a dual-path model can balance help and risk 

in everyday companion use among Chinese Gen Z. The overarching 
question is how LLM companions can sustain digital well-being by 
combining emotional support with behavioral self-regulation. We test 
three research questions: 

(RQ1) How the behavioral risks—bedtime procrastination and 
problematic use—relate to depression, anxiety, loneliness, and sleep 
disturbance.

(RQ2) How the affective protections—anthropomorphism and 
perceived empathy—relate to those outcomes plus subjective well-
being.

(RQ3) Whether protections add explanatory power beyond risks.
From prior work, we derive five hypotheses: 

H1: higher bedtime procrastination predicts higher depression, 
anxiety, and sleep disturbance and lower well-being [2, 4].

H2: higher problematic use predicts higher depression, anxiety, and 
loneliness and poorer sleep [5, 17, 35].

H3: higher anthropomorphism predicts lower depression and 
loneliness, better sleep, and higher well-being [6, 24, 30].

H4: higher perceived empathy predicts lower depression and anxiety, 
less loneliness, better sleep, and higher well-being [8, 9, 36, 37].
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H5: adding anthropomorphism and perceived empathy improves 
model fit across outcomes beyond risks [12].

3.2. Sample and procedure
We ran an online survey with N = 402 active users of Xingye 

AI (星野·AI皆你所见) who reported use within the past month. 
Participation was voluntary and anonymous; respondents gave informed 
consent and completed the questionnaire in one sitting. Screening 
removed obvious non-users; standard quality checks (attention checks, 
excessive speed, and straight-lining) were applied before analysis. 
Table 1 summarizes the demographic and usage profiles (age, gender, 
education/employment, daily companion time, and after 23:00 use), 
which reflect heavy mobile use among Chinese Gen Z.

3.3. Measures
Behavioral risks used brief, validated instruments: bedtime 

procrastination (BPS-9) [4] and problematic use (BSMAS-6) adapted 
from social/smartphone contexts [35]. Affective protections were 
anthropomorphism measured with the Godspeed anthropomorphism 
items [6] and perceived empathy with three short items drawn from 
empathy research [8]. Outcomes were depression (PHQ-9) [15], 
anxiety (GAD-7) [13], loneliness (8-item short form), sleep disturbance 
(three brief items consistent with sleep-risk work [2]), and subjective 
well-being (life-evaluation items [37]). All scales were scored as means 
so that higher values indicate more of the construct (higher PHQ-9/
GAD-7 reflect more symptoms; higher SWB reflects greater well-

3

Figure 1
Conceptual structure

Variable Category/metric n (%)/mean (SD)
Gender Female 215 (53.5%)
Gender Male 187 (46.5%)
Age (years) Mean (SD) 21.51 (2.11)
Status Undergraduate 175 (43.5%)
Status Employed 146 (36.3%)
Status Unemployed/Intern 45 (11.2%)
Status Graduate 36 (9.0%)
Daily AI-companion use 1–2 h/1–2 h 125 (31.1%)
Daily AI-companion use 30–60 min/30–60 min 121 (30.1%)
Daily AI-companion use 15–30 min/15–30 min 71 (17.7%)
Daily AI-companion use >2 h 62 (15.4%)
Daily AI-companion use <15 min 23 (5.7%)
After 23:00 usage Sometimes 135 (33.6%)
After 23:00 usage Often 114 (28.4%)
After 23:00 usage Seldom 79 (19.7%)
After 23:00 usage Always 47 (11.7%)
After 23:00 usage Never 27 (6.7%)

Table 1
Demographic and usage characteristics (N = 402)
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being). Internal consistency coefficients are shown in Table 2 and 
meet accepted thresholds for research use; observed ranges indicate 
good variability for modeling. Given prior links between late-night 
engagement and sleep risks [2, 38], we also flagged after 23:00 use for 
descriptive checks and later design translation.

3.4. Analytic strategy
Analyses proceeded in two steps. First, we reported zero-order 

correlations among all focal variables to show bivariate associations. 
Second, for each outcome (depression, anxiety, loneliness, subjective 
well-being, and sleep disturbance), we estimated hierarchical 
regressions: Step 1 entered the two behavioral risks (BPS-9 and 
BSMAS-6), and Step 2 added the two protections (anthropomorphism 
and perceived empathy) to test incremental validity (ΔR²). Coefficients 
are standardized β with 95% confidence intervals; assumptions were 

checked via residual diagnostics. Analyses used complete cases; Ns for 
each model/table are reported. Correlation tables and model summaries 
appear in Sections 4.1–4.2.

3.5. Robustness and design hooks
To assess robustness, we re-estimated models under alternative 

anthropomorphism encodings (retain full range vs. top-code at the 
maximum) and with light winsorizing of extreme values; qualitative 
patterns were expected to remain stable and are reported alongside 
main results. As a bridge from measurement to implementation, we 
map psychological constructs to computational modules—tone shaping 
and persona for empathy, and a pacing controller for availability/
throttling—so coefficients can directly inform nighttime boundaries 
and online personalization in practice. Figure 2 presents this mapping 
and sets up Section 5 on system design.

4

Scale k Observed Min–Max Mean SD Cronbach’s α N
Bedtime procrastination (BPS-9) 9 1.11–5.00 3.38 1.18 0.941 402
Problematic use (BSMAS-6) 6 1.00–5.00 3.44 1.17 0.904 402
Anthropomorphism (5) 5 1.00–6.00 3.41 1.40 0.910 402
Perceived empathy (3) 3 1.00–5.00 2.61 1.23 0.833 402
Depression (PHQ-9) 9 1.00–3.00 2.18 0.66 0.930 402
Anxiety (GAD-7) 7 1.00–3.00 2.23 0.64 0.898 402
Loneliness (8 items) 8 1.12–5.00 3.44 1.21 0.936 402
Well-being (SWB-3) 3 1.00–5.00 2.52 1.19 0.820 402
Sleep disturbance (3) 3 1.00–5.00 3.42 1.25 0.824 402
Attachment (4) 4 1.25–7.00 4.65 1.40 0.874 402
Digital boundary (3) 3 1.00–5.00 2.64 1.27 0.836 402
Peer/school support (2) 2 1.00–5.00 2.62 1.35 0.801 402

Table 2
Descriptive statistics and reliability of study variables

Figure 2
Psychological constructs mapped to computational modules
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4. What the Data Say: Behavioral Risks vs. Affective 
Protections

4.1. Descriptives and zero-order patterns
Descriptive statistics and reliability coefficients for all variables 

are presented in Table 2. All scales demonstrated acceptable to excellent 
internal consistency (α = 0.82–0.94), confirming suitability for 
multivariate modeling. The observed score ranges indicate substantial 
variability across behavioral risks, affective protections, and outcome 
measures, ensuring sufficient dispersion for regression analyses.

Zero-order correlations (Table 3) provide an initial test of the dual-
pathway structure. Behavioral risk factors—bedtime procrastination 
and problematic use—showed consistent positive associations with 
psychological distress (PHQ-9 and GAD-7), loneliness, and sleep 
disturbance, and negative associations with subjective well-being (e.g., 
PHQ-9 r = 0.40; SWB r = −0.40). These patterns align with prior research 
on nighttime dysregulation and compulsive digital engagement.

In contrast, both affective protection factors—anthropomorphism 
and perceived empathy—were associated with lower distress and 
sleep disturbance and higher well-being (e.g., anthropomorphism with 
PHQ-9 r = −0.48; with SWB r = 0.45). Anthropomorphism exhibited 
the strongest protective correlations across outcomes, whereas empathy 
showed smaller but directionally consistent effects. Together, these 
preliminary associations illustrate the theoretical logic of the dual-
pathway model: behavioral risks cluster with poorer mental health 
outcomes, while affective perceptions cluster with better well-being.

4.2. Hierarchical models
To evaluate the distinct contributions of behavioral risks and 

affective protections, hierarchical regression models were constructed 
for all five outcome variables, with the first step including bedtime 

procrastination and problematic use, and the second step adding 
anthropomorphism and perceived empathy. The initial step of each model 
explained a substantial proportion of variance across the outcomes, 
with R² values ranging from 0.21 to 0.30. Bedtime procrastination 
consistently emerged as the stronger behavioral predictor, displaying 
pronounced associations with anxiety (β = 0.33) and sleep disturbance 
(β = 0.35), while problematic use showed meaningful links to emotional 
indicators, particularly loneliness (β = 0.25). These patterns suggest that 
dysregulated engagement functions as an important antecedent of both 
emotional distress and disrupted sleep.

When the affective protection variables were added in the second 
step, the models exhibited clear improvements in explanatory power, 
with increases in explained variance between 0.06 and 0.09 across all 
outcomes (see Table 4), with coefficients ranging from −0.22 to −0.28 
for depression and anxiety, +0.24 for subjective well-being, and −0.20 
for sleep disturbance. These results indicate that perceiving the AI 
companion as more human-like is consistently associated with lower 
distress and better psychological functioning. Perceived empathy also 
contributed additional protective effects, with coefficients generally 
falling between 0.12 and 0.17 in absolute value, demonstrating that the 
feeling understood by the AI companion offers incremental benefits 
beyond those associated with anthropomorphism.

The addition of anthropomorphism and empathy attenuated 
the coefficients for bedtime procrastination and problematic use 
while preserving their significance. This attenuation suggests that the 
affective pathway accounts for part of the variance previously attributed 
to behavioral risks, yet the persistence of significant effects indicates 
that both pathways independently exert meaningful influences on 
user outcomes. Overall, the hierarchical results support the theoretical 
expectation that behavioral dysregulation and affective perceptions 
jointly shape psychological and sleep-related responses, and that the 
simultaneous inclusion of both pathways yields a more complete and 
accurate representation of the data than either pathway considered 
alone.

4.3. Robustness
To better quantify each predictor’s contribution, we compared 

standardized coefficients across outcomes. Anthropomorphism emerged 
as the strongest single predictor in the model—stronger than both risk 
variables for depression, loneliness, and well-being—highlighting 
its central role in socio-emotional buffering. Bedtime procrastination 
was the strongest risk predictor overall, particularly for sleep-related 
outcomes.
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Outcome Model BPS-9 (β) BSMAS-6 (β) Anthro (β) Empathy (β) R² ΔR²
PHQ-9 1 0.30 0.24 0.21
PHQ-9 2 0.16 0.12 -0.28 -0.14 0.29 0.09
GAD-7 1 0.33 0.30 0.28
GAD-7 2 0.22 0.20 -0.22 -0.12 0.34 0.06
UCLA8 1 0.39 0.25 0.30
UCLA8 2 0.26 0.13 -0.24 -0.17 0.38 0.08
SWB-3 1 -0.30 -0.25 0.21
SWB-3 2 -0.18 -0.14 0.24 0.13 0.28 0.07
Sleep3 1 0.35 0.26 0.26
Sleep3 2 0.23 0.15 -0.20 -0.17 0.33 0.07

Table 4
Hierarchical regressions predicting outcomes

Predictor/
outcome PHQ-9 GAD-7 UCLA8 SWB-3 Sleep3
BPS-9 0.40 0.45 0.49 -0.40 0.45
BSMAS-6 0.36 0.44 0.41 -0.37 0.40
Anthro-5 -0.48 -0.47 -0.50 0.45 -0.46
Empathy-3 -0.39 -0.40 -0.45 0.38 -0.43

Table 3
Zero-order correlations among predictors and outcomes
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Model-gain indices (ΔR²) revealed that including affective 
protections improved explained variance by 6–9 percentage points, 
which corresponds to a 29%–43% relative increase over risk-only 
models. Gains were largest for depression and loneliness, indicating 
that socio-emotional mechanisms (e.g., perceived warmth and human-
likeness) are especially influential for emotional outcomes. These 
analyses deepen the empirical support for the dual-pathway model and 
demonstrate that affective protections are not merely supplementary—
they substantially enhance prediction accuracy.

4.4. Outcome-by-outcome narrative
Across outcomes, patterns are consistent. For depression and 

anxiety, both risks are positively related; adding protections reduces 
coefficients for risks and introduces sizable negative effects for 
anthropomorphism and smaller, aligned effects for empathy. Loneliness 
shows the same structure: risks predict more loneliness, and protections 
predict less, with anthropomorphism the stronger signal. For subjective 
well-being, signs reverse as expected—risks relate to lower well-
being while protections relate to higher well-being—and the addition 
of protections yields one of the larger improvements in fit. Sleep 
disturbance follows the behavioral logic: bedtime procrastination and 
problematic use relate to worse sleep; protections relate to better sleep 
(smaller disturbance) even after controlling for risks.

These results answer the research questions directly. RQ1 is 
supported: bedtime procrastination and problematic use are reliably 
associated with higher distress and poorer sleep, and lower well-being 

(Table 3; Step-1 models), consistent with H1–H2. RQ2 is supported: 
anthropomorphism and perceived empathy predict better mental-health, 
higher well-being, and less sleep disturbance, with anthropomorphism 
typically the larger protection; effects remain after accounting for risks 
(Table 5), supporting H3–H4. RQ3 is supported: adding protections 
improves model fit for every outcome (ΔR² ≈ 0.06–0.09), demonstrating 
incremental validity beyond risks (H5).

Taken together, both paths matter: risks track dysregulated 
engagement (late-night delays and compulsive bursts), while protections 
capture supportive, human-like interaction. Anchored in Figure 1 and 
operationalized via the mapping in Figure 2, the coefficients translate 
into implementable controls—nighttime boundaries and online 
personalization. Figure 3 sketches the adaptive loop that keeps a warm 
tone by day while gently throttling engagement after 23:00, setting up 
Section 5.

4.5. Integrated interpretation of outcomes
Across all outcomes, a clear asymmetry emerged between 

the behavioral and affective pathways. Behavioral risks were more 
strongly associated with physiological and arousal-related variables, 
particularly sleep disturbance and anxiety, whereas affective protection 
factors were more influential in predicting socio-emotional outcomes 
such as depression, loneliness, and subjective well-being. This pattern 
aligns with theoretical accounts in which dysregulated nighttime 
engagement disrupts emotional and physiological stability, whereas 
perceptions of warmth, understanding, and human-like presence buffer 

6

Outcome r (keep 6) r (6→missing) r (6→5) N (keep) N (miss) N (5)
PHQ-9 -0.475 -0.478 -0.485 402 399 402
GAD-7 -0.470 -0.497 -0.490 402 399 402
UCLA8 -0.503 -0.501 -0.513 402 399 402
SWB-3 0.451 0.472 0.467 402 399 402
Sleep3 -0.458 -0.452 -0.465 402 399 402

Table 5
Robustness of anthropomorphism correlations to alternative “6” encodings

 Figure 3
Adaptive pacing loop with bandit/RL updater
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negative experiences and promote well-being. Overall, the results 
provide coherent empirical support for the dual-pathway model and 
demonstrate that considering both risk and protection mechanisms 
yields a substantially more accurate depiction of user outcomes than 
examining either pathway alone.

5. Making It Work: Nighttime Boundaries and Online 
Personalization

5.1. Adaptive control loop and nighttime boundaries
Building on the adaptive loop introduced above, the system tunes 

two per-user levers—pacing (reply timing/throttling) and empathy 
weights (tone/length)—from ongoing usage signals while respecting 
local time and safety constraints. Inputs include after-23:00 activity 
share, burst length, check frequency, and recent sentiment/tone; state 
features add standardized BPS-9, BSMAS-6, Anthro-5, and Empathy-3 
scores plus time-of-day. At each step, the updater selects an action 
(pacing tier and empathy tier) and optimizes a reward proxy: reduce 
after-23:00 activity and bursts without degrading next-day sentiment 
or session quality. We use a conservative contextual-bandit update 
(ε-greedy or UCB) with per-user value estimates and weekly decay; 
exploration is capped at night. Safety rails apply: a hard cap on delay, 
a minimum empathy floor, instant rollback if complaint/help-seeking 
signals rise, and crisis cues that bypass pacing entirely.

1)  Nighttime boundaries (gentle, not blocking).
2)  Tiered delays. Map a user’s risk index to 5–15–30 s delay bands; 

auto-decay to lower tiers as risk subsides.
3)  Burst smoothing. When rapid-fire turns occur, insert micro-pauses 

and hand off with a “pick up tomorrow” summary.
4)  Soft handovers. Optional sleep mode (“I’ll check in at 08:30”), 

always with a one-tap opt-out.
5)  Tone shift, not content loss. Keep warmth but use shorter, calmer, 

plan-oriented replies at night; avoid energizing prompts.
6)  Local time and exceptions. Honor travel and declared night-shift 

schedules; expose user controls to adjust quiet hours.

7)  Transparency. A one-line banner explains late-night pacing with a 
link to settings and details.

8)  These boundaries implement Section 4’s pattern: risks concentrate in 
late-night dysregulation, while gentle pacing curbs over-engagement 
without removing support.

5.2. Online personalization: pacing and tone, learned 
cautiously

The online updater reads a compact set of signals—after-23:00 
activity share, burst length, check frequency, recent sentiment and 
tone, and the standardized scores for BPS-9, BSMAS-6, Anthro-5, and 
Empathy-3—together with time-of-day. From these, it chooses one of a 
few pacing levels and one of a few tone/empathy levels. The objective 
is straightforward: reduce late-night activity and bursts without hurting 
next-day sentiment or session quality. We use a conservative contextual-
bandit policy (ε-greedy or UCB) with per-user value estimates and 
weekly decay, and we cap exploration at night. Safety rails apply 
throughout: delays have a hard maximum, empathy never drops below 
a supportive floor, any rise in complaints or help-seeking triggers an 
immediate rollback, and crisis language bypasses pacing entirely. In 
practice, this means that the system stays warm and substantive during 
the day—brief affirmation, reflective rephrasing, and concrete next 
steps—and shifts at night to short, calm, plan-oriented replies that avoid 
energizing prompts while keeping support available.

5.3. Deploying safely at scale
To move from a study to a product, the loop sits inside a 

transparent, auditable stack (see Figure 4).
We track four indicators: the share of after-23:00 messages and 

burst length should fall, next-day sentiment and engagement should 
stay at or above baseline, and opt-out and complaint rates should 
not rise. Rollout uses stratified randomization, night-only treatment, 
staggered waves, and cluster guardrails to prevent unintended global 
shifts. Fairness and explainability are built in: we audit effects by 
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 Figure 4
System-level architecture for emotional-AI companions
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locale, gender, and schedule (including night-shift users), we provide an 
always-available pause/override, and we show a one-line explanation 
when pacing is active. Privacy and transparency follow a minimum-
data stance—prefer on-device time detection, keep logs lean, and 
expose clear settings for pacing and data use. If messages suggest acute 
risk, pacing is bypassed and the established crisis protocol is triggered.

6. Discussion and Design Implications
The findings demonstrate that behavioral and affective 

mechanisms jointly shape how Gen Z users experience AI companions. 
Bedtime procrastination and problematic use predicted distress and 
sleep disturbance, whereas anthropomorphism and perceived empathy 
served as protective factors that improved well-being. The protective 
path added explanatory power beyond behavioral risks, confirming 
the “double-edged” nature of emotional-AI use while showing that 
empathic and human-like features can buffer against the dysregulation 
caused by constant availability. The results from this research reinforce 
and lend quantifiable evidence to previous theories about how much 
risk and protective factors affect the ability to self-regulate, aided by 
emotional support, through interaction with AI.

This research adds to psychological theories about self-regulation 
and empathy by examining how self-regulation and empathy manifest 
in AI environments. Procrastinating on going to bed can be considered 
an inability to manage your time during periods when digital devices 
become an intrusion on your life; however, the use of empathy and 
anthropomorphism may help users meet their needs for relatedness and 
competence in restoring balance. In addition, the need for authenticity: 
if AI provides responses that are excessively scripted or “perfect,” 
they will diminish the user’s trust. Conversely, if the designers 
demonstrate calibrated empathy toward users, the users will experience 
feeling connected to the designer without intruding on their personal 
boundaries. Hence, the well-being of users who receive companionship 
from AI will be better influenced by how warm and respectful the 
designers have demonstrated those attributes to their users, rather than 
the amount of time the users have interacted with the designers.

From a computational standpoint, where coefficients are 
estimates, they provide coefficients for designers to use in adapting their 
AI system design to find the correct balance of pacing and empathy, 
within the context of the user’s current situation and feedback control 
system using low-complexity contextual bandit or reinforcement 
learning. Therefore, depending on the state of the user at that moment, 
designers should use gentle pacing for AI conversations to initiate after 
23:00, promote empathy through short and calm responses, and explain 
the rationale for pacing AI conversations, to increase user confidence. 
Although the data are cross-sectional and limited to one demographic, 
the framework illustrates how validated psychological constructs can 
inform deployable affective-computing modules and how emotional-
AI companions can promote healthier digital routines aligned with 
user well-being [39]. Recent research has emphasized the importance 
of designing AI systems that explicitly support user well-being and 
healthy digital routines [39].

This research offers three primary contributions within this 
broader discussion. First, it introduces an integrated dual-pathway model 
that unifies behavioral risks and affective protections in AI-companion 
use. Second, it shows how psychological constructs such as self-
regulation, anthropomorphism, and perceived empathy can function as 
operational levers for computational mechanisms, informing the design 
of adaptive pacing, tone calibration, and boundary-setting systems in 
AI companions. Third, the empirical results provide a parameterized 
foundation for future well-being-oriented AI architectures by 
demonstrating that affective protections significantly enhance model 
performance relative to risk factors. Collectively, these contributions 
provide both a theoretical advancement in understanding emotional-AI 

interactions and a practical roadmap for designing next-generation AI 
companions that promote healthier, more balanced digital engagement.

7. Conclusion
Building on the discussion above, this section summarizes the 

key contributions and limitations of the study and outlines directions 
for future research. We tested a dual-path model for LLM companions 
in everyday use among Chinese Gen Z, combining two behavioral 
risks (bedtime procrastination and problematic use) with two affective 
protections (anthropomorphism and perceived empathy). Risks related 
to higher distress and poorer sleep, protections showed the opposite 
pattern, and protections added explanatory power beyond risks 
(ΔR² ≈ 0.06–0.09). These findings answer the three research questions 
and support H1–H5 in a single, integrated structure.

Our contribution is threefold. Empirically, we provide a compact, 
validated measurement package that compares risks and protections 
in the same population and outcomes. Conceptually, we sharpen the 
“double-edged” account by quantifying the relative roles of behavioral 
dysregulation and supportive, human-like interaction. Computationally, 
we translate coefficients into implementable controls: gentle nighttime 
pacing and tone calibration that keep daytime warmth while discouraging 
over-engagement after 23:00 through cautious online personalization.

Several limitations remain. The data are cross-sectional and self-
report, drawn from one product context; causal claims cannot be made. 
Very short empathy items may understate protective effects. Potential 
moderators (digital boundary, attachment, and peer/school support) 
were theorized but not tested. Common-method variance and cultural 
specificity may limit generalizability.

Future work should use preregistered longitudinal and field 
experiments to test pacing versus status quo, combine telemetry with 
objective sleep measures, and adapt timing thresholds per user rather 
than a fixed 23:00 rule. Richer empathy measures and qualitative studies 
of authenticity can refine the protection path. Fairness audits across 
locale, gender, and night-shift users, together with clear user controls 
and transparency, will be essential for safe deployment. Taken together, 
this study offers a practical bridge from psychological measurement to 
well-being-oriented affective computing, showing how companions can 
remain helpful and self-regulating in everyday life.
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