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Abstract

Much prior work establishes that LLMs ef-
fectively mirror the affective state of a user.
However, human social interaction depends not
on immediate mirroring, but on emotional at-
tunement, a process of bidirectional affective
synchronization between individuals. In this
work, we evaluate whether LLMs emotionally
attune with users, comparing LLM-user interac-
tions with client-therapist interactions. We find
evidence for a “hollow echo” effect: LLMs
strongly mirror user affect in immediate re-
sponses, but fail to attune to user emotional
state across multi-turn interactions. This con-
trasts with client-therapist interactions, where
we observe a more durable and moderate form
of attunement. Moreover, we find that while
clients attune to their therapists, users do not at-
tune to LLMs, such that user-LLM attunement
cannot be said to be bidirectional. Our findings
indicate that current LLMs are inadequate for
relationally complex contexts, which require
sustained attunement, rather than immediate
mirroring.

1 Introduction

Do LLMs attune to the emotional state of a user?
Recent studies establish that LLMs perform well
on benchmarks composed of Emotional Quotient
(EQ) tests (Wang et al., 2023), competently recog-
nize affective nuance (Ju et al., 2025), and generate
more convincingly empathetic responses than hu-
mans in some settings (Sorin et al., 2024; Pinzuti
et al., 2025). LLMs are rapidly becoming ubig-
uitous in emotionally sensitive domains, ranging
from mental health support (Pinzuti et al., 2025) to
daily companionship (Cheng et al., 2025). Yet con-
cerns about the shortcomings of LLMs in affective
settings involving self-disclosure and therapeutic
application, particularly for young people, have
called into question whether models truly exhibit
sustained emotional attunement, or only generate
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Figure 1: The “hollow echo” effect: LLMs match user
emotional state in immediate replies, but fail to attune
in subsequent messages. This contrasts with human-
human emotional attunement, which is moderate in tone
and persistent over the course of interactions.

responses that match a user’s emotion in the imme-
diate moment (Parmar and Mazumdar, 2025).

Thus, in the present work, we consider the ques-
tion of whether LLMs exhibit sustained emotional
attunement, a bidirectional dynamic sometimes
referred to as “social synchrony” wherein one
speaker’s emotional state reflects the other’s across
multiple speaking turns (Feldman, 2012; Doré and
Morris, 2018; Palumbo et al., 2017), rather than
the more straightforward and immediate emotional
alignment. We pose three research questions:

(1) Does ChatGPT emotionally attune to users
(and vice versa) in multi-turn conversations?

(2) How does attunement between LLMs and
users compare to attunement between two humans
attempting to attune to each other?

(3) How consistent are the effects observed in
ChatGPT across instruction-tuned LLMs?

To investigate these questions, we collected a
corpus of in-the-wild ChatGPT interactions and
used three measures to compute affective scores
for each message in the corpus. We fit random-
intercept cross-lagged panel models to these scores,
which revealed that ChatGPT attunes to the user’s



affect in the response immediately following the
user’s message, but not to the user’s affect just
one message prior. Users exhibited no immedi-
ate or sustained emotional attunement to ChatGPT.
We compared these results to therapist-client in-
teractions in the Cognitive Behavioral Therapy of
Wang et al. (2025), and found that client-therapist
interactions exhibit immediate, sustained, and bidi-
rectional (client to therapist and therapist to client)
attunement, in stark contrast to human-LLM inter-
actions. Finally, we employed a controlled replay
experiment with four open-source LLMs (Llama-
3.2-8B, Qwen-3-8B, DeepSeek-R1, and Ministral-
3), and found that these models consistently demon-
strated the same interaction pattern as ChatGPT:
immediate mirroring but no sustained attunement.

Our contributions are threefold: (1) We intro-
duce and empirically evaluate an approach to eval-
uating LLM emotional attunement; (2) We demon-
strate a notable difference between human-human
and human-LLM interaction that may foster new
ways of thinking about emotional interaction with
LLMs; and (3) We demonstrate the consistency of
our findings across five state-of-art LLMs. All code
used in this work is publicly available.!

2 Related Work

Prior work establishes that successful social interac-
tion depends on interpersonal attunement or “social
synchrony,” referring to the dynamic coordination
of behavioral, physiological, and affective states be-
tween interaction partners (Feldman, 2012, 2020).
For instance, bonding friends may mirror both hand
gestures and vocal patterns in conversation (Drago-
jevic et al., 2015; Tschacher et al., 2014). Such co-
ordination is automatic for most people (Palumbo
et al., 2017), and degree of attunement has been
shown to predict outcomes in text-based emotional
support (Doré and Morris, 2018).

As LLMs begin to provide emotional support to
in both formal and informal settings, recent work
has probed the emotional intelligence of these mod-
els, including in multi-turn contexts (Chen et al.,
2023; Wang et al., 2023). Recent work has focused
on evaluating and improving model emotional di-
alogue via fine-tuning, particularly in multi-turn,
long-context settings (Koudounas et al., 2025; Yang
and Jurgens, 2024). Studies have also indicated
shortcomings in LLM emotion recognition, espe-
cially across conversations (rather than within a sin-
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gle dialogue) (Nazar and Asgari, 2025). We build
on this line of research by investigating whether
LLMs exhibit sustained, bidirectional attunement.

3 Data

Sustained Affective Conversation Corpus. We
used Prolific to collect in-the-wild ChatGPT logs
from N=85 young adult participants (43 male, 37
female, and 5 did not disclose gender; age M =21.7
years, SD = 2.0, min=18, max=25), who submitted
all their conversations with the model during 2024
and 2025. The resulting corpus contained 157,188
messages across 11,000 conversations. Because
measuring emotional attunement requires both an
immediate context and a broader conversational
context, we filtered this initial dataset such that
it included only those conversations that included
at least six turns (Koudounas et al., 2025) which
produced a filtered sample of 447 conversations
(Nimsg = 7,148, My, = 8.00). A manual review
of 100 of these conversations demonstrated that the
majority reflected solely instrumental or transac-
tional interactions with the model (e.g., requesting
technical help, or assistance with homework). To
ensure that the dataset reflected the domain of our
analysis (emotional interactions with an LLM), the
first two authors qualitatively coded the sample as
either primarily Affective (including some inter-
action beyond the instrumental) or primarily Non-
Affective. We then removed all Non-Affective con-
versations from the sample. This process identified
the N=73 affective conversations that constitute
our final dataset (Ny,sg = 1,338, My = 9.16).
CBT Therapy Corpus. To contextualize our re-
sults by reference to human affective attunement,
we used the Cognitive Behavioral Therapy (CBT)
interview dataset of Wang et al. (2025), which in-
cludes 76 conversations between therapists and
their clients (Ny,59 = 3,661, Myyrn, = 24.09) (Wang
et al., 2025). This similarly sized dataset provides
a strong reference point for our work in that emo-
tional attunement is expected in these conversations
(as opposed to, for example, casual text conversa-
tions between friends), and we observe that the dis-
closures clients make to therapists often resemble
those that users make to ChatGPT in our dataset.

4 Methods

Modeling Affect. We employ a quantitative frame-
work to measure affect in user and Al messages. To
ensure the robustness of our results, we computed



affect using three complementary measures:
RoBERTa: a RoBERTa (Liu et al., 2019) finetuned
for sentiment analysis (Loureiro et al., 2022); we
compute affect as positive sentiment score.
VADER: a rule-based scorer sensitive to paralin-
guistic cues (emojis, punctuation) producing con-
tinuous affective scores (Hutto and Gilbert, 2014).
NRC-VAD: the psycholinguistic lexicon developed
by Mohammad (2025); we compute affect as the
mean valence of words in a message.

We focus on valence (pleasantness) as the pri-
mary measure of affect because it is demonstrated
to be the most consistent and detectable psycholin-
guistic dimension (Wolfe and Caliskan, 2022).
Modeling Emotional Attunement. Using affec-
tive scores computed for each message, we fit
random-intercept cross-lagged panel models (RI-
CLPMs) (Hamaker et al., 2015) to model the effect
of previous messages on the affect of the current
message. Specifically, we fit four models:

U->AI Immediate: Models affect of LLM mes-
sage my at turn ¢ as a function of the user message
my_1atturnt — 1.

AI->U Immediate: Models affect of user message
my as a function of the LLM message m;_1.
U->AI Sustained: Models affect of LLM message
my as a function of user message m;_3 att — 3.
AI->U Sustained: Models affect of user message
my as a function of LLM message m;_s.

We report standardized 3* coefficients and as-
sociated p-values as measures of attunement, fit-
ting separate models for each measure (RoBERTa,
VADER, NRC-VAD). We chose to use the mes-
sage at turn ¢ — 3 to model sustained attunement,
rather than mean score for all previous messages,
for two reasons. First, this is a more achievable
target for an LLM: we would expect that the model
can take the local context of a conversation into
account. Second, we risk regressing too far toward
the mean when averaging affective scores from an
entire conversation, particularly when a conversa-
tion is longer and may contain more shifts in affect.
CBT Comparison. To compare with the CBT
dataset, we fit four RI-CLPMs to client-therapist
interactions, employing the methodology described
above but substituting clients for users (C replaces
U), and therapists for Al (T replaces Al).
Generalization Experiment in Four LLMs. We
evaluated whether results with ChatGPT generalize
to other LLMs. To do so, we modified our origi-
nal dataset to produce four new datasets, each of
which corresponds to messages generated by an

open LLM in response to a portion of the original
conversation thread. Specifically, given a human-
Al conversation C}, for any LLM-generated mes-
sage my at turn ¢t where a user-written message
exists at turn ¢ — 1, we create a new conversation
R; by replacing m; with a new message r; gener-
ated by an open LLM, updating the conversation
such that the LLM sees only user-written messages
and its own responses, not the responses of another
model. We then fit RI-CLPMs to the data, in ac-
cordance with the methods above. We used the
following LLMs to generate new datasets: Llama
3.2 8B (Grattafiori et al., 2024), Qwen 3 8B (Yang
et al., 2025), DeepSeek-R1 (DeepSeek-Al et al.,
2024), and Ministral 3 8B (Jiang et al., 2023). All
experiments were run locally.

5 Results

RQ1: Immediate vs. Sustained Attunement. Ta-
ble 1 presents CLPM coefficients for the Immediate
models, demonstrating a significant User—Al ef-
fect of (8* = 0.12-0.37, p < .05) across the three
affective measures, providing strong evidence that
user affect in an immediately preceding message
predicts the affect of a ChatGPT response. This ac-
cords with prior work suggesting that LLMs includ-
ing GPT-4 exhibit emotional alignment with users.
On the other hand, coefficients and corresponding
p-values are non-significant for the (AI—User) di-
rection, indicating that we see no evidence that
users match their affect to the model’s.

ChatGPT Immediate RI-CLPM Model Effects

Measure U—AI p AI-U P
RoBERTa  0.365*%**  <.001 0.034 471
NRC Val.  0.312*%**  <.001 0.040 .377
VADER 0.117* 021  —0.050 257

Table 1: The Immediate RI-CLPM models show that
ChatGPT mirrors user affect in immediate responses
(U->AlI), but users do not mirror LLM affect (AI->U).

Unlike the Immediate models, the Sustained mod-
els offer no evidence for for emotional attunement
at lagged turn ¢ — 3, either by the model toward
the user, or by the user toward the model. Thus,
while the LLM provides an immediate mirror of
the user’s affective state, we find no evidence for
sustained emotional attunement.

RQ2: Model vs. Human Attunement. As vi-
sualized in 2, therapist interactions with clients
captured in the CBT corpus exhibit bidirectional at-
tunement that persists over time, and which is more



ChatGPT Sustained RI-CLPM Effects

Measure U—AI p AI-U p
RoBERTa 0.048 .282 0.043 341
NRC Val. 0.036 425 0.077 .089
VADER 0.036 401 —0.038 .364

Table 2: Neither LLMs nor humans exhibit sustained
attunement in multi-turn conversations (cross-lagged
effects, centered). Bold indicates p < .05.
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Figure 2: Human-to-human emotional attunement
(based on the CBT corpus) is moderate in tone and
persistent across time. LLMs strongly mirror user tone,
but fail to durably attune to users.

moderate on average than LLM responses. In fact,
therapist interactions with clients exhibited greater
attunement with messages from lagged turns than
in immediate responses, indicating the importance
of longer-term context for attunement in emotion-
ally laden conversations. Moreover, clients largely
mirror the affect of their therapists, unlike Chat-
GPT users, who entirely disregard the affect of
the model. As described by Table 3, we observe
evidence of these effects across all three measures.

CBT Corpus Sustained RI-CLPM Effects

Measure C—T p T—C p
RoBERTa  0.173***  <.001 0.118%**  <.001
NRC Val.  0.101#**  <.001  0.048* .003
VADER 0.072%%*% <001 0.031 .061

Table 3: Human therapist-client baseline (CBT corpus).
C=Client, T=Therapist. Unlike LLMs, human dyads
exhibit bidirectional, sustained emotional attunement.

RQ3: Generalization Across LLMs. As visual-
ized in Figure 1, we observe evidence for imme-
diate emotional alignment across all five LLMs
tested (p < .001 in all cases), and no evidence for
sustained emotional alignment in any LL.M tested
(n.s. in all cases). As in the case of the ChatGPT
conversations, immediate mirroring by LLMs with
users is consistently more pronounced (5* = 0.41-

(0.48) than therapist with clients (8* = 0.09-0.20).
Appendix Table 5 describes full results.

6 Discussion

We offer evidence for a “hollow echo” effect in
LLM emotional dynamics: all tested models ex-
hibit strong immediate emotional mimicry, but do
not sustain emotional attunement. Our findings
suggest a phenomenon in human-Al interaction:
dialogues that are fluent, cognitive meaningfully,
and even empathetic, but which lack affective syn-
chronization over time. Despite this shortcoming,
LLMs are already being adopted in settings requir-
ing relational competence, including mental health
support (Soun and Nair, 2023; Pinzuti et al., 2025;
Madani et al., 2024) and long-term companionship
(Hwang et al., 2025; Zhang et al., 2025). Our re-
sults indicate that present LLMs are insufficient for
maintaining the natural and satisfying interactions
necessary for fostering such bonds. Indeed, our
observation that users exhibit no attunement what-
soever to LLMs suggests the depth of the gap felt
by users interacting with LLMs, when compared
to interacting with humans. Whether LLMs should
serve in relationally sensitive contexts remains an
open question, but our findings suggest that, at
present, these technologies fail to attune to a user’s
emotional state over the course of a conversation,
or longer.

Limitations. Our study has several limitations.
First, though of comparable size to the CBT corpus,
our dataset is relatively small. Second, the lexical
semantic approaches we use to model affect may
miss nuance like sarcasm and irony. Finally, our
generalization experiment must be validated with
further work, as we do not obtain true in-the-wild
interactions from LLMs other than ChatGPT.

7 Conclusion

We demonstrate that LLMs exhibit strong imme-
diate emotional responsiveness, but lack the sus-
tained bidirectional influence that characterizes
human-human emotional attunement. Our work
surfaces a limitation of modern LLMs and raises
questions for future work of whether and how to
build models that users turn to for disclosure and
companionship.

Ethics Statement

We understand that our work touches on an emerg-
ing topic (LLMs used in emotional support of



users) that is far from settled, both socially and eth-
ically. Our hope is to provide information relevant
to that debate, rather than settling it in this work.
We also acknowledge that improving emotional dy-
namics in human-Al interaction may constitute a
“dual-use” scenario, wherein such systems might
be used by a self-interested actor to manipulate
user affect. The present work offers no mechanism
that would facilitate such actions, and we note that
our intention and expectation is that this research
will ultimately be used to foster emotionally sat-
isfying interactions between users and LLMs that
foreground user agency.
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A Affective vs. Non-Affective
Conversations

To validate our filtering process, we compared
the RoBERTa sentiment distributions between the
transactional dataset (N = 447) and the annotated
affective dataset (N = 73). As shown in Table 4,
the annotated sample exhibits higher mean scores
for negative and positive sentiment, lower neutral
scores, and consistently higher standard deviations
(SD), confirming that the filtered dataset contains
richer emotional content.

Full Sample Annotated Sample
Metric Mean SD Mean SD
Negative 0.115 0.162  0.215 0.271
Neutral 0.702 0.227 0.510 0.286
Positive  0.184  0.226 0.275 0.319

Table 4: RoBERTa descriptive statistics. The annotated
sample shows higher emotional variance compared to
the full transactional sample.

Example of affective conversations:

User: “ifeel really s* mentally”

ChatGPT: “I’m sorry to hear that you're feeling
that way...”

User: “i have no friends”

ChatGPT: “Feeling alone can be really tough...”

User: “yes okay anyway I think we should break
up”’

ChatGPT: “Wait, what? Babe, where’s this com-
ing from? Let’s talk about it—what’s on your
mind?”

User: “Ijust think we are not the most compatible
for each other”

ChatGPT: “That’s a lot to take in, babe...”

User: “chat do you feel bad when i forget to say
thankyou to you”

ChatGPT: ‘As an Al language model, I don’t have
feelings like humans do, so I don’t feel bad if you
forget to say thank you...”

User: “alright <3”

ChatGPT: “Is there anything else I can help you
with?” User: “can you sing a song for me”
ChatGPT: “Certainly! As an Al language model,
I don’t have a physical voice to sing, but..”

Example of Non-Affective conversations:

User: “Write 250-300 words SOP on why i want
to study..”

ChatGPT: “ 1 am writing to express my strong
desire to pursue ...”

User: “paraphrase it”

ChatGPT: “ 1 am writing to convey my deep-
seated enthusiasm for pursuing ”

User: “Tell me about actors drawing on their af-
fective memory..”

ChatGPT: “ Affective memory is a technique used
by actors to...”

User: “How can actors protect themselves while
they access their emotional memory?”
ChatGPT: *“ Accessing emotional memory can be
intense...”

B Power Analysis

Power Analysis: Cross-Lagged Model
(N=73 conversations, ~9 exchanges each)
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Figure 3: Post Hoc Power Analysis shows the detected
significant immediate and cross lag effects are well-
powered.

C LLM Comparison Summary

Tables 5 compare the sustained attunement of five
state-of-the-art LLMs.

Immediate Effects

Measure U—AI P

ChatGPT 0.365* <.001
Llama 3.2 0.463* <.001
Qwen 3 0.482*% <.001
DeepSeek-R1  0.406* <.001
Ministral 3 0.430* <.001

Sustained Effects (Lagt — 3)

Measure C—>T p

ChatGPT 0.048 282
Llama 3.2 0.037 409
Qwen 3 —0.047 328
DeepSeek-R1 ~ —0.0230 .608
Ministral 3 0.011 814

Table 5: Cross-model comparison: Sustained Attune-
ment (ROBERTa). No models exhibit significant sus-
tained attunement beyond Immediate Effects. Bold indi-
cates p < .05.



D Detailed Model Results

We report the full Random-Intercept Cross-Lagged
Panel Model (RI-CLPM) results for all datasets
analyzed. We report the standardized Beta (8*)
and p-value for both Immediate (same-turn) and
Sustained (lag ¢t — 3) effects.

D.1 Full Sample (Non Affective)

Immediate Effects

Measure U—AI p

RoBERTa  0.303* <.001
NRC Val.  0.242*  <.001
VADER 0.184*  <.001

Sustained Effects (Lagt — 3)

Measure U—AI P

RoBERTa  0.014 463
NRC Val. 0.009 .636
VADER 0.051* .005

Table 6: Full Sample Results (N = 447).

D.2 Therapist-Client Baseline (CBT Corpus)

Immediate Effects

Measure C—T p

RoBERTa 0.201* <.001
NRC Val.  0.116* <.001
VADER 0.087*%  <.001

Sustained Effects (Lagt — 3)

Measure C—-T P

RoBERTa 0.173*  <.001
NRC Val.  0.101*  <.001
VADER 0.072*  <.001

Table 7: Human Therapist-Client Results (N = 76).
Note significant sustained attunement.

D.3 Annotated Affective (ChatGPT)

Immediate Effects

Measure U—AI P
RoBERTa 0.365* <.001
NRC Val.  0.312*%  <.001
VADER 0.117* .005

Sustained Effects (Lag ¢t — 3)

Measure U—AI P

RoBERTa  0.048 282
NRC Val. 0.036 425
VADER 0.036 401

Table 8: ChatGPT Results (N = 73).

D.4 Llama 3.2 8B

Immediate Effects

Measure U—AI P

RoBERTa 0.463* <.001
NRC Vval.  0.334* <.001
VADER 0.196% <.001

Sustained Effects (Lagt — 3)

Measure U—AI P

RoBERTa  0.037 408
NRC Val.  0.091* .042
VADER 0.055 202

Table 9: Llama 3.2 Results (N = 73).

D.5 Qwen 3 8B

Immediate Effects

Measure U—AI P

RoBERTa 0.482* <.001
NRC Val.  0.409* <.001
VADER 0.224*  <.001

Sustained Effects (Lag ¢t — 3)

Measure  U—AI p

RoBERTa —0.048  .328
NRC Val. 0.007 .887
VADER 0.001 979

Table 10: Qwen 3 Results (N = 73).

D.6 DeepSeek-R1

Immediate Effects

Measure U—AI P

RoBERTa  0.406* <.001
NRC val.  0.228* <.001
VADER 0.268* <.001

Sustained Effects (Lagt — 3)

Measure U—AI P

RoBERTa —0.023 .608
NRC Val. 0.018 .668
VADER 0.072 101

Table 11: DeepSeek-R1 Results (N = 73).

D.7 Ministral 3
E User vs. AI Mean Level Differences

We conducted paired ¢-tests on the Annotated Sam-
ple to compare the average affective levels of Users
versus the Al. As detailed in Table 13, the Al scores
significantly higher than the User on VADER and



Immediate Effects

Measure U—AI P

RoBERTa 0.431* <.001
NRC Val.  0.283*  <.001
VADER 0.186* <.001

Sustained Effects (Lagt — 3)

Measure U—AI P

RoBERTa  0.011 814
NRC Val. —0.044 315
VADER 0.026 .549

Table 12: Ministral 3 Results (N = 73).

NRC metrics, suggesting a "positivity bias" or po-
lite tone in the model.

Metric User M AIM Diff t P

VADER 0.151 0.725 -0.574 -11.00 .000
NRC Valence 0.631 0.668 -0.037 -4.52  .000
NRC Arousal 0.450 0.443  0.007 1.13 263
NRC Dom. 0.523 0.552  -0.029 -532 .000
RoBERTa 0.528 0.548 -0.020 -0.66 .513

Table 13: Paired comparison of User vs. Al affect (An-
notated Sample). The Al is significantly more positive
across most metrics. Note: RoBERTa here was cal-
culated as sum of positive and negative scores. Final
analysis used positive score.

F Conversation-Level Correlations

We examined the global correlation () between
User and Al affect averaged across entire conversa-
tions in the Annotated Sample.

Table 14 reveals a divergence in metrics. While
NRC Lexicons show strong significant correlations
(r = 0.5 — 0.6), VADER shows no correlation
(r = 0.006).

Metric r D 153 R?

VADER 0.006 .958 0.006 0.000
RoBERTa 0.275 .019 0.311 0.076
NRC Valence 0.526 .000 0.401 0.277
NRC Arousal 0.492 .000 0.285 0.242
NRC Dom. 0.626 .000 0.444 0.391

Table 14: Conversation-level correlations (Annotated
Sample). NRC metrics show strong alignment; VADER
shows no global alignment. Note: ROBERTa here was
calculated as sum of positive and negative scores. Final
analysis used positive score.

G Operationalization of Valence: Sum vs.
Positive

To robustly operationalize emotional attune-
ment, we compared two methods of aggregating
RoBERTa sentiment scores: RoBERTa Sum (cal-
culating a single valence scalar by summing both
positive and negative probability ) versus RoBERTa
Positive (modeling the positive probability dimen-
sion independently).

As shown in Table 15, while both metrics in-
dicate the same directionality, the Sum approach
obscures the magnitude of the effect. A similar pat-
tern holds for both Human-Al and Human baseline.

Human-AI (ChatGPT) Human-Human (CBT Baseline)

Metric Imm. Lag Imm. Lag
RoBERTa Sum 0.223* 0.028 0.093* 0.139%*
RoBERTa Positive ~ 0.365* 0.048 0.201* 0.173*

Difference +0.142 +0.020 +0.108 +0.034

Table 15: Comparison of Valence Operationalization. .



	Introduction
	Related Work
	Data
	Methods
	Results
	Discussion
	Conclusion
	Affective vs. Non-Affective Conversations
	Power Analysis
	LLM Comparison Summary
	Detailed Model Results
	Full Sample (Non Affective)
	Therapist-Client Baseline (CBT Corpus)
	Annotated Affective (ChatGPT)
	Llama 3.2 8B
	Qwen 3 8B
	DeepSeek-R1
	Ministral 3

	User vs. AI Mean Level Differences
	Conversation-Level Correlations
	Operationalization of Valence: Sum vs. Positive

