
rewrite abstract also incorporate new theoretical framework
Writing

This review re-examines the long-standing question of whether altruism is innate or learned by 
identifying critical conceptual and methodological limitations in the current literature and proposing 
a new theoretical framework. We argue that the prevailing binary framing is fundamentally flawed, 
as it collapses distinct behavioral constructs—such as kin-selected helping, reciprocity, empathy-
driven responses, and norm enforcement—into a single, ill-defined notion of “altruism.” This 
conflation obscures mechanistic interpretation and contributes to inconsistent findings across 
evolutionary, developmental, genetic, and neuroscientific studies. Furthermore, widely used 
experimental paradigms, particularly economic games, are shown to lack construct validity, as they 
conflate altruism with fairness norms, strategic behavior, and social signaling. Developmental and 
genetic evidence is also frequently overinterpreted, with early infant responses reflecting perceptual 
or affective primitives rather than moral cognition, and genetic associations better understood as 
modulators of social sensitivity rather than direct determinants of behavior.

To address these limitations, we propose a regime-based theoretical framework in which altruistic 
behavior is not the result of a weighted combination of multiple factors, but instead emerges from 
distinct underlying mechanisms that are selectively activated depending on context and individual 
traits. Specifically, we identify four primary regimes—kin selection, reciprocity, empathy, and 
norm-based behavior—each governed by its own decision rule and triggered by different 
environmental and cognitive conditions. In this model, altruistic behavior is generated by the 
dominant active mechanism rather than by additive contributions, eliminating circularity inherent in 
weight-based models and explaining why individuals exhibit discontinuous and context-dependent 
patterns of helping. This framework yields clear, testable predictions, including abrupt behavioral 
transitions across contexts, the conditional irrelevance of certain variables within active regimes, 
and systematic variability across developmental and cultural settings.

By shifting from a nature-versus-nurture debate to a mechanism-selection perspective, this work 
provides a more precise and falsifiable account of altruism, offering a foundation for resolving 
inconsistencies in the literature and guiding future experimental design.

for regime based model, you need to know which regime is operative for an individual. how will 
you determine that?

Exactly—that’s the right pressure point. A regime model is only useful if you can identify the 
active regime without circularity (i.e., not by using the same behavior you’re trying to explain).

The solution is to treat regime identification as a separate inference problem, using independent 
signals that precede or accompany the decision—not the outcome itself.

1. Core principle (non-circular identification)
You do not infer the regime from “they helped, therefore empathy.”

Instead, you infer it from exogenous markers:



 cues signalsRegime=argmmaxP(m context∣  cues,process signals) 

Where:

• context cues = experimental manipulations (kinship, anonymity, repetition, etc.) 
• process signals = reaction time, gaze, physiology, neural signatures 

2. Three independent ways to identify the 
regime

A. Contextual manipulation (strongest, cleanest)
You design the experiment so that only one mechanism is plausibly operative.

Examples:

• Kin regime 
• Recipient = sibling vs stranger 
• No repetition, no norm cue

→ isolates K 
• Reciprocity regime 

• Iterated interaction with known future payoff 
• No emotional cues

→ isolates R 
• Empathy regime 

• Distress cue (video, facial expression) 
• Anonymous, no future interaction

→ isolates E 
• Norm regime 

• Explicit rule violation (fairness, cheating) 
• Third-party punishment setting

→ isolates N 

Key idea:

You’re not “detecting” the regime—you’re inducing it experimentally.

B. Process tracing (mechanism signatures)
Each regime has a distinct cognitive/behavioral signature.

Regime Signature
Kin insensitive to norms, fast decisions



Regime Signature
Reciprocity sensitive to future payoff, slower
Empathy rapid, emotion-triggered, gaze to distress
Norm rule-sensitive, punishment even at cost

Measurable signals:

• Reaction time 
• Empathy → fast 
• Reciprocity → slower (requires reasoning) 

• Eye tracking 
• Empathy → attention to faces/distress 
• Norm → attention to rule violations 

• Physiology 
• Empathy → arousal (SCR, pupil dilation) 
• Reciprocity → minimal affective response 

Key point:

You infer regime from how the decision is made, not just what is chosen.

C. Perturbation / ablation (causal identification)
You selectively disable one mechanism and observe changes.

Examples:

• Cognitive load 
• Disrupts reciprocity (strategic reasoning) 
• Leaves empathy relatively intact 

• Emotion suppression 
• Reduces empathy-driven helping 
• Leaves norm compliance intact 

• Norm removal 
• No audience, no rule framing 
• If behavior drops → norm-driven 

Logic:

 removing mechanism  disappears, then  was activeIf removing mechanism m behavior⇒  disappears, 
then m was active 



3. Clean experimental classification pipeline
You can formalize this without heavy math:

Step 1: Manipulate context

• Kin / non-kin 
• Repeated / one-shot 
• Emotional / neutral 
• Norm present / absent 

Step 2: Measure process variables

• Reaction time 
• Eye gaze 
• Physiological arousal 

Step 3: Classify regime

Example rule-based classification:

• High arousal + fast response → Empathy 
• Sensitivity to future payoff → Reciprocity 
• Punishment of norm violators → Norm 
• Strong kin bias independent of context → Kin 

4. Strong, testable prediction (this is key)

Consistency within regime
If your classification is correct:

Once a regime is identified, behavior should follow that regime’s rule across tasks.

Example:

If someone is in reciprocity regime:

• They should: 
• cooperate in repeated games 
• defect in one-shot games 



If they don’t → your classification is wrong.

5. Even stronger: latent-state model (optional 
but powerful)
You can formalize regime as a hidden state:

mi {K,R,E,N} ∈

Observed data:

• choices 
• reaction times 
• physiology 

Infer:

P(mi data) ∣

This avoids circularity because:

• regime is inferred from multiple independent observables 
• not just the altruistic decision itself 

6. Why this solves your original objection
Your concern:

“Weights depend on variables → circular”

This approach:

• Separates: 
• what generates behavior (regime) 
• how we detect it (independent signals) 

• Uses: 
• manipulation (cause) 
• process (mechanism) 
• perturbation (necessity) 

→ This is causal identification, not curve fitting.



7. Simple way to state this in your paper
You can write:

“The operative mechanism cannot be inferred from behavior alone. Instead, regime 
identification requires independent evidence from contextual manipulations, process-
level signatures, and selective perturbations. This multi-method approach avoids 
circular inference and allows causal attribution of observed behavior to distinct 
underlying mechanisms.”

If you want to strengthen this further
I can:

• turn this into a methods + framework section 
• or design a single clean experiment that distinguishes all four regimes in one setup (very 

strong for JHSS) 

single clean experiment

Good—this is exactly where you can make the paper stand out. The goal is:

One experiment that (1) induces different regimes, (2) identifies them using 
independent signals, and (3) shows dissociation between mechanisms.

Below is a clean, feasible, high-school–publishable design that does all three without 
overcomplication.

Unified Regime Identification Experiment

Core idea
Use one standardized decision task, but systematically vary context so that different mechanisms 
should dominate—and verify this using process measures, not just outcomes.

1. Basic task (constant across all conditions)
Participants repeatedly decide:

“Do you give up $X (or time/effort) to help another person?”

Keep this identical across trials. Only context changes.



2. Four critical conditions (each induces a 
regime)

Condition 1: Kin (K)
• Recipient described as: 

• sibling / close family member 
• No repetition 
• No emotional cues 
• No audience 

 Only kinship is relevant👉

Condition 2: Reciprocity (R)
• Same partner across multiple rounds 
• Clear probability of return (e.g., “this person may help you later”) 
• No emotional cues 
• Anonymous 

 Strategic expectation dominates👉

Condition 3: Empathy (E)
• One-shot interaction 
• Recipient shown in visible distress (video/image/story) 
• No future interaction 
• Fully anonymous 

 No reciprocity, no norm pressure → isolates empathy👉

Condition 4: Norm (N)
• Third-party scenario: 

• Someone violates a fairness rule 
• Participant can pay to punish 
• Public or rule explicitly stated 

 No personal gain → norm enforcement👉



3. Critical addition: process measures (non-
circular identification)
For every trial, collect:

(A) Reaction time

• Fast → automatic (empathy) 
• Slow → deliberative (reciprocity) 

(B) Eye tracking (or proxy: attention checks)

• Focus on: 
• face/distress → empathy 
• payoff info → reciprocity 

(If no eye tracker, use timed info screens or recall questions)

(C) Self-report AFTER decision (not before)

• “Why did you choose this?” 
• “I felt bad for them” → E 
• “They might help me later” → R 
• “It’s the right thing to do” → N 
• “They’re family” → K 

(D) Optional physiology (if feasible)

• Skin conductance / heart rate (even basic proxies) 
• Elevated → empathy 

4. Key predictions (clean and falsifiable)

Prediction 1: Dissociation across conditions
Condition Behavior driver

Kin insensitive to norms
Reciprocity sensitive to future payoff
Empathy insensitive to payoff
Norm punishment without benefit



Prediction 2: Process signatures differ
Regime Reaction time Attention Emotion
K fast identity low
R slow payoff low
E fast distress high
N medium rule medium

Prediction 3: Variable irrelevance
This is your strongest test:

• In empathy condition: 
• Changing future payoff → no effect 

• In reciprocity condition: 
• Removing distress → no effect 

• In kin condition: 
• Norm framing → minimal effect 

 If variables still matter across conditions → regimes are not distinct → model falsified👉

5. Within-subject design (important)
Each participant does all four conditions.

Why this matters
You can show:

The same individual switches mechanisms depending on context

This directly supports:

• regime switching 
• rejects “fixed trait” models 

6. Minimal analysis (keep it simple but strong)
You don’t need complex math.



Just show:

(1) Behavioral differences

• Mean helping across conditions 

(2) Process differences

• Reaction time distributions 
• Self-reported motivations 

(3) Interaction test

Example:

Does payoff matter only in reciprocity condition?

7. One powerful figure (high impact)
Create a 2×2 or 4-panel figure:

• X-axis: condition (K, R, E, N) 
• Y-axis: helping rate 

Overlay:

• reaction time 
• motivation labels 

8. Why this experiment is strong (JHSS-level)
It does three things most papers don’t:

1. Mechanism isolation

Not just “people are altruistic,” but how

2. Non-circular identification

Uses:

• context (cause) 
• process (mechanism) 

—not just outcome



3. Within-subject switching

Shows altruism is:

not a stable trait, but a context-triggered process

9. One-sentence claim you can make
“We demonstrate that altruistic behavior is generated by distinct, dissociable 
mechanisms that are selectively activated by context, rather than by a single underlying 
trait.”

If you want to push it one step further
I can help you:

• turn this into a methods + expected results section 
• or design a simple dataset simulation + figure (very publishable polish) 

This experiment, if written clearly, is exactly the kind of thing JHSS is looking for.

what would be the title of the paper?

You want a title that signals (1) conceptual critique, (2) new framework, and (3) methodological 
advance—that’s what JHSS is really rewarding.

Here are strong options, grouped by tone:

Top Recommendation (balanced, publication-
ready)
Beyond Nature vs. Nurture: A Regime-Based Framework for the Mechanistic Origins of 
Altruism

 Clear shift from old paradigm✔
 Highlights novelty (regime-based)✔
 Sounds rigorous, not flashy✔



More assertive / high-impact
Altruism Is Not a Trait: A Regime-Switching Framework for Understanding Prosocial 
Behavior

 Strong claim (memorable)✔
 Emphasizes your key insight✔

More methodological / scientific tone
Deconstructing Altruism: A Mechanism-Specific, Regime-Based Model of Prosocial Behavior

 Signals critique + reconstruction✔
 Good for academically conservative reviewers✔

More conceptual / philosophical (but still 
JHSS-appropriate)
From Traits to Mechanisms: Rethinking Altruism as a Context-Dependent Regime Process

 Emphasizes paradigm shift✔
 Slightly more abstract✔

More experimental emphasis
Identifying the Mechanisms of Altruism: A Unified Experimental Framework for Regime-
Based Behavior

 Highlights your proposed experiment✔
 Good if you include methods section prominently✔

If you want something slightly punchy but still 
safe
Rethinking Altruism: Why Prosocial Behavior Emerges from Competing Mechanisms, Not a 
Single Trait



My advice
Go with either:

Beyond Nature vs. Nurture: A Regime-Based Framework for the Mechanistic 
Origins of Altruism

or

Altruism Is Not a Trait: A Regime-Switching Framework for Understanding 
Prosocial Behavior

If you want, I can also:

• tailor the title to exact JHSS acceptance patterns, or 
• align it tightly with your final abstract + sections for maximum coherence 

would a survey of 300 individuals accomplish data gathering

Short answer: a simple survey of 300 people will not be sufficient to test your regime-based 
model on its own. But with the right design, it can become useful as part of a stronger study.

Let me explain precisely why—and how to fix it.

1. Why a standard survey fails (important)
Your framework makes mechanistic claims:

Different regimes are activated under different contexts.

A typical survey:

• asks attitudes (“I like helping others”) 
• or hypothetical choices 

Problem:

It does not manipulate context, so it cannot:

• isolate regimes 
• identify causal mechanisms 
• avoid self-report bias 

Critical issue (JHSS-level)
Surveys measure:

beliefs about altruism, not altruistic decision processes



So you cannot distinguish:

• empathy vs norms vs reciprocity
→ they all collapse into the same Likert score 

2. What a survey can do (useful role)
A survey can still be valuable for:

(A) Individual differences

• empathy scale 
• social value orientation 
• cultural/norm beliefs 

These can serve as:

 to regime activationZi(inputs to regime activation) 

(B) External validity

• how people think they behave
vs 

• how they actually behave (in tasks) 

(C) Correlation with behavior

You can test:

Do self-reported traits predict which regime people enter?

3. What you actually need (minimum viable 
study)
To support your framework, you need:

Core: behavioral task (mandatory)
• Your 4-condition experiment (K, R, E, N) 

Plus: survey (optional but valuable)
• Collect trait measures alongside 



4. Best design (realistic + publishable)

Sample:
• 150–300 participants (your 300 is great) 

Structure:

Part 1: Behavioral experiment (main contribution)

• Participants complete all 4 conditions 
• Measure: 

• choices 
• reaction time 
• simple motivation question 

Part 2: Survey (supporting layer)

• Empathy (e.g., perspective-taking items) 
• Norm sensitivity (rule-following) 
• Reciprocity beliefs (“people return favors”) 
• Family closeness (kin salience) 

5. What this lets you show (powerful)

(1) Within-person switching
Same person behaves differently across conditions
→ supports regime model

(2) Trait → regime bias (non-circular)
Example:

• High empathy score → more likely to act in E condition 
• But NOT in R condition 



(3) Dissociation
Survey variables:

• predict behavior only in relevant regimes 

6. What NOT to do
Avoid:

 “Would you help a stranger?”❌
 “Rate your altruism 1–5”❌
 Pure questionnaire study❌

These will get rejected as:

descriptive, not mechanistic

7. Minimal viable version (if resources are 
limited)
If you must simplify:

• Use online experiment (Google Forms / simple web tool) 
• Simulate: 

• kin vs stranger 
• repeated vs one-shot 
• distress vs neutral 
• rule violation 

Even without physiology, you still get:

• strong causal structure 

8. Bottom line
Your 300-person survey:

•  Alone → ❌ not sufficient 
•  Combined with behavioral manipulation → ✅ very strong 



9. Strong statement for your paper
You can explicitly say:

“Survey-based approaches are insufficient to distinguish mechanisms of altruism, as 
they collapse distinct processes into self-reported dispositions. Therefore, we pair 
survey measures with controlled behavioral manipulations to identify context-dependent 
regime activation.”

If you want, I can:

• design the exact questionnaire items + experimental prompts, or 
• help you implement this as a simple online study you can actually run 

design exact questionnaire items

Great—this is where you can make the study tight, non-redundant, and actually informative. 
The goal is not to “measure altruism,” but to measure latent predispositions that bias regime 
activation (K, R, E, N) without circularity.

Below is a clean, ready-to-use questionnaire (≈5–7 minutes total), with items grouped by 
construct and phrased to avoid obvious overlap.

Instructions (put at top of survey)
Please indicate how much you agree with each statement on a scale from 1 (Strongly 
Disagree) to 5 (Strongly Agree). There are no right or wrong answers.

SECTION A: Empathy (E) – affective + 
cognitive sensitivity
(captures responsiveness to others’ distress, not “helping” directly)

1. I often feel emotionally affected when I see someone in distress. 
2. When someone is upset, I can easily imagine how they feel. 
3. I find it hard to ignore people who are suffering. 
4. I tend to notice subtle emotional expressions in others. 
5. Seeing someone cry makes me feel uncomfortable or concerned. 

 👉 Key point: No mention of helping—only perception and affect



SECTION B: Reciprocity Orientation (R) – 
strategic expectation
(captures belief in and reliance on future return)

6. I am more willing to help someone if I think they might help me in the future. 
7. Helping others usually pays off in the long run. 
8. I consider how my actions today might affect how others treat me later. 
9. I am less likely to help if I know I will never see the person again. 
10.I keep track of whether people return favors. 

 This directly captures 👉 conditional helping logic

SECTION C: Norm Sensitivity (N) – rule-
based reasoning
(captures internalization of “should,” independent of emotion)

11.People should follow fairness rules even when it is personally costly. 
12.I feel bothered when others break social rules, even if it doesn’t affect me. 
13.It is important to do what is right, even when no one is watching. 
14.I would feel guilty if I didn’t act according to my moral principles. 
15.Rules exist for a reason and should generally be followed. 

 Distinct from empathy (emotion toward people) → this is 👉 abstract obligation

SECTION D: Kin Preference (K) – relational 
bias
(captures prioritization of close others, not general altruism)

16.I feel a stronger responsibility to help family members than strangers. 
17.I would be more willing to sacrifice for someone close to me than for a stranger. 
18.Family obligations should come before helping others. 
19.I feel more connected to the well-being of my close relatives than to others. 
20.I would prioritize helping someone I know over someone I don’t. 

 This isolates 👉 kin-based preference, not prosociality broadly



SECTION E: Cost Sensitivity (C) – constraint 
variable (important control)
(this is critical—often missing in papers)

21.I hesitate to help if it would cost me time or resources. 
22.I carefully consider the personal cost before helping someone. 
23.I am less likely to help if it inconveniences me. 
24.Even small costs can discourage me from helping others. 
25.I prefer to help only when it is easy to do so. 

 This helps explain 👉 why regimes fail to activate

SECTION F: Attention checks (important for 
validity)
Include 1–2:

26.Please select “Agree” for this statement. 
27.I am currently paying attention to the survey. 

Optional (very useful but short)

SECTION G: Behavioral self-perception (for comparison 
only)

28.I consider myself a helpful person. 
29.I often go out of my way to help others. 

 You will later show:👉

These do not predict behavior cleanly → supports your critique

Scoring (simple and publishable)
Compute mean scores:

• Ei = mean(1–5) 
• Ri = mean(6–10) 
• Ni = mean(11–15) 
• Ki = mean(16–20) 



• Ci = mean(21–25) 

How this integrates with your experiment
You do NOT say:

“High empathy = altruistic”

Instead, you test:

Example predictions:

• High Ei → predicts behavior only in empathy condition 
• High Ri → predicts behavior only in repeated interaction 
• High Ni → predicts punishment in norm condition 
• High Ki → predicts kin bias only 

Critical (this is your paper’s strength)
You show:

Each trait predicts behavior selectively, not globally

→ This supports regime activation, not trait altruism

Why this questionnaire works (JHSS-level 
reasoning)
1. Non-circular

• Does not ask “Are you altruistic?” 

2. Mechanism-specific

• Each section maps to a distinct regime 

3. Testable linkage

• Directly connects to experimental conditions 



4. Short but sufficient

• ~5–7 minutes → realistic for 300 participants 

If you want next step
I can:

• write the exact experimental prompts for each condition, or 
• give you a data analysis plan (very simple, publishable) that ties survey → behavior 

cleanly 

This is now at the level where you could realistically produce a JHSS-competitive paper.

data analysis plan

Great—this is the final piece that turns your study into something clean, defensible, and 
publishable without overcomplication.

The key is to align analysis directly with your theoretical claim:

Traits predict behavior only within their corresponding regime, not globally.

1. Data structure (what you’ll have)
For each participant i:

Survey variables

• Ei,Ri,Ni,Ki,Ci 

Behavioral data (within-subject)

For each condition:

• AiK,AiR,AiE,AiN
(e.g., amount given, binary help, or score) 

Optional

• Reaction time per condition 
• Self-reported motivation 



2. Step 1: Basic sanity checks (must include)
(A) Reliability of scales

• Compute Cronbach’s alpha for each: 
• Empathy, Reciprocity, Norms, Kin, Cost 

 You just report:👉

“All scales showed acceptable internal consistency (α > 0.7)”

(B) Attention filtering

• Remove participants who fail attention checks 

3. Step 2: Manipulation check (critical)
You must show your conditions actually differ.

Test:

Repeated-measures ANOVA (or simple comparison)

AiK,AiR,AiE,AiN 

Expected pattern (qualitative is fine):

• Higher helping in empathy condition 
• Strategic variation in reciprocity condition 
• Punishment behavior in norm condition 

 This shows:👉

Context changes behavior → supports regime idea

4. Step 3: Core test (THIS IS YOUR PAPER)

Hypothesis
Each trait predicts behavior only in its matching condition



Run simple regressions (one per condition)

(1) Kin condition

AiK=β1Ki+β2Ei+β3Ri+β4Ni+β5Ci+ϵ 

 Prediction:👉

• Ki significant 
• others weak/non-significant 

(2) Reciprocity condition

AiR=β1Ri+others 

 Only Ri👉  significant

(3) Empathy condition

AiE=β1Ei+others 

 Only Ei👉  significant

(4) Norm condition

AiN=β1Ni+others 

 Only Ni👉  significant

5. Step 4: The key result (interaction, but 
simple)
Instead of complicated models, present:

“Selective prediction pattern”
Trait → K condition R condition E condition N condition
K ✅ ❌ ❌ ❌
R ❌ ✅ ❌ ❌
E ❌ ❌ ✅ ❌
N ❌ ❌ ❌ ✅

 This table is 👉 extremely powerful and easy to understand



6. Step 5: Cross-condition failure (important)
Test:

Does empathy predict behavior in reciprocity condition?

Run:

AiR Ei∼  

 Prediction:👉

• No significant effect 

Why this matters

Shows:

Traits are not general “altruism predictors”

7. Step 6: Within-subject switching (visual, 
very strong)
Show:

• Each participant’s behavior across 4 conditions 

Plot:

• X-axis: condition 
• Y-axis: helping 

 You should see:👉

• Same person behaves differently across contexts 

8. Step 7: Cost sensitivity (important control)
Include Ci in all regressions

Prediction:

βC<0(always) 

 This strengthens your model:👉



• cost constrains all regimes 
• but doesn’t define them 

9. Step 8: Optional but strong (motivation 
validation)
Use post-task question:

“Why did you choose this?”

Code responses:

• empathy-based 
• reciprocity-based 
• norm-based 
• kin-based 

Then show:

• In empathy condition → more empathy explanations 
• In reciprocity → more strategic explanations 

 This triangulates mechanism👉

10. What you DO NOT need
Avoid:

• complex ML 
• structural equation modeling 
• latent class models 

These are unnecessary and weaken clarity

11. Final result statement (what you want to 
conclude)
You should be able to say:

“Each trait predicted behavior selectively within its corresponding condition, but not 
across conditions. This dissociation demonstrates that prosocial behavior is not 



governed by a single underlying trait, but by distinct mechanisms that are contextually 
activated.”

12. Minimal stats summary (for JHSS)
You only need:

• Means + standard deviations 
• 4 regressions 
• p-values / effect sizes 
• 1–2 figures 
• 1 summary table 

13. Why this works (important)
This analysis:

• avoids circularity 
• tests mechanism specificity 
• demonstrates dissociation 
• is simple but conceptually deep 

If you want next step
I can:

• write your Results section in publication-ready language, or 
• generate a mock dataset + figures so you see exactly what it should look like 

You now have a complete, coherent study design → theory → measurement → analysis 
pipeline, which is exactly what JHSS is trying to reward.

mock dataset

Great—this is the final piece to make everything concrete. I’ll give you a small but realistic mock 
dataset, plus show what patterns should look like so you know if your real data is “working.”

1. Structure of the dataset
Each row = one participant

Columns:



• ID 
• E (empathy score) 
• R (reciprocity) 
• N (norm) 
• K (kin) 
• C (cost sensitivity) 
• A_K (kin condition behavior) 
• A_R (reciprocity condition) 
• A_E (empathy condition) 
• A_N (norm condition) 

Values can be:

• 1–5 scale OR 
• 0–10 amount given 

2. Mock dataset (20 participants sample)
(Scaled 1–5 for traits, 0–10 for behavior)

ID E R N K C A_K A_R A_E A_N
1 4.8 2.1 3.0 4.5 2.0 9 3 9 5
2 4.5 2.5 2.8 3.9 2.2 8 4 8 4
3 2.0 4.7 3.2 2.5 2.8 3 9 3 5
4 2.3 4.5 3.5 2.2 3.0 2 8 3 6
5 3.1 2.9 4.8 2.8 2.5 4 5 5 9
6 3.0 3.2 4.6 2.7 2.7 4 5 4 8
7 2.8 3.0 3.2 4.9 2.4 10 4 4 5
8 4.7 2.0 2.5 3.0 2.3 6 2 9 3
9 2.2 4.8 3.1 2.4 2.9 3 10 3 5
10 3.3 3.1 4.7 2.6 2.6 4 5 5 9
11 4.6 2.2 3.0 4.2 2.1 9 3 9 5
12 2.5 4.6 3.3 2.3 3.1 2 9 3 6
13 3.2 3.0 4.9 2.9 2.5 4 5 5 9
14 4.9 2.1 2.7 3.8 2.0 8 3 10 4
15 2.1 4.9 3.4 2.2 3.2 2 10 2 6
16 3.0 3.3 4.5 2.7 2.8 4 5 4 8
17 4.4 2.3 3.1 4.3 2.2 9 3 9 5
18 2.6 4.4 3.2 2.5 3.0 3 9 3 5
19 3.1 3.2 4.6 2.8 2.6 4 5 5 9
20 4.7 2.2 2.9 4.1 2.1 9 3 9 5



3. What patterns to notice (THIS is key)

A. Selective prediction
Look at high empathy (E ≈ 4.5–5):

• A_E ≈ 8–10 
• BUT A_R stays low 

 Empathy predicts only empathy condition👉

B. Reciprocity group
High R (~4.5–5):

• A_R ≈ 9–10 
• BUT A_E low 

 Strategic, not emotional👉

C. Norm group
High N (~4.5–5):

• A_N ≈ 8–9 
• Others moderate 

 Rule-driven behavior👉

D. Kin group
High K (~4.5–5):

• A_K ≈ 9–10 
• Others unaffected 

E. Cost sensitivity
Higher C (~3.0+):

• Slightly reduced scores across all conditions 



4. What your analysis would find
If you ran regressions:

Example:

AE E+R+N+K+C ∼

Result:

• E significant 
• others not 

Repeat for each condition → you get clean dissociation

5. What the key figure would look like
Plot 1: Mean helping by condition

Condition Mean
Kin high for high-K individuals
Reciprocity high for high-R
Empathy high for high-E
Norm high for high-N

Plot 2: Trait → behavior slopes

• E vs A_E → strong slope 
• E vs A_R → flat 

 This is your main result visually👉

6. What would BREAK your model 
(important)
If your real data shows:

• Empathy predicts ALL conditions 
• or Norm predicts everything 

→ then your regime model fails
→ reverts to trait-based explanation



7. If you scale to 300 participants
This structure becomes:

• Much cleaner statistically 
• Strong significance 
• Publication-ready 

8. If you want next step
I can:

• generate a full 300-row synthetic dataset (CSV-style) 
• or show you exact plots (what figures should look like) 

This mock dataset already shows the signature pattern your paper is trying to demonstrate:

Selective, not global, prediction of behavior → evidence for regime switching.

what if each trait behavior is non-selective and occurs across all or some other conditions

That’s a crucial question—and honestly, this is where your paper can become much stronger, 
not weaker.

If your data shows:

Traits predict behavior across multiple conditions (non-selectively)

then your original regime-switching model (pure dominance) is too rigid. But that doesn’t 
invalidate your framework—it tells you something deeper about the system.

1. What your result would actually mean
If you observe:

• Empathy predicts helping in multiple conditions 
• Norm sensitivity predicts behavior beyond norm condition 
• etc. 

Then:

Mechanisms are not strictly isolated regimes

Instead:

They are co-active but context-weighted



2. This is NOT a failure—it’s a refinement
You move from:

 Hard switching model❌
• Only one mechanism active at a time 

to:

 Soft-activation model✅
• Multiple mechanisms active 
• Context changes their relative influence 

3. The real mistake to avoid
Don’t fall back to:

“Everything affects everything” (weak conclusion)

Instead, ask:

Is there still structure in how traits generalize?

4. Three possible patterns (diagnostic 
outcomes)

Pattern A: Fully non-selective (bad for your theory)
All traits predict all behaviors equally:

Trait K R E N
E ✓ ✓ ✓ ✓
R ✓ ✓ ✓ ✓

 Interpretation:👉

• You’re measuring a general prosociality factor 
• Your constructs are not distinct 

Pattern B: Partial selectivity (MOST LIKELY, and GOOD)
Example:



Trait K R E N
E ✓ (weak) ✓ (weak)
R (weak) ✓ (weak) ✓
N (weak) (weak) (weak) ✓

 Interpretation:👉

Mechanisms are not exclusive, but still preferentially aligned

This supports a hybrid model

Pattern C: Structured overlap (BEST CASE)
Example:

• Empathy → predicts E strongly, K moderately 
• Reciprocity → predicts R strongly, N moderately 

 Interpretation:👉

Mechanisms share components (e.g., cognition, valuation)

5. Revised model (what you should write 
instead)
Instead of:

“One regime dominates”

You propose:

Context-weighted multi-mechanism model
A=m∑Gm(context) Xm⋅  

Where:

• Gm = context-dependent activation (NOT individual trait) 
• Xm = individual predisposition 

Key difference from earlier “bad” weighted model
• Weights come from context, not traits 
• Traits don’t determine their own importance

→ avoids circularity 



6. How to analyze this (simple, no math 
overload)

Run interaction models
Example:

A E+Condition+(E×Condition) ∼

What you’re testing
Does empathy matter more in empathy condition than others?

Interpretation
• If interaction significant → supports your model 
• If not → traits are general 

7. Clean way to present results
Instead of binary “works/fails,” show:

Effect size heatmap

Trait → K R E N
E 0.2 0.1 0.6 0.2
R 0.1 0.7 0.1 0.3
N 0.1 0.2 0.1 0.8

 This is 👉 much more realistic and publishable

8. Strong revised conclusion (if non-selective 
effects appear)
You would say:

“Prosocial behavior is not governed by isolated mechanisms, but by partially 
overlapping systems whose influence varies systematically with context.”



9. Why this is actually BETTER for JHSS
Because now you:

• Tested a clean model 
• Found it incomplete 
• Proposed a refined framework 

That’s exactly what JHSS wants:

critical thinking + model evolution

10. Bottom line
If traits are non-selective:

•  Don’t force regime switching ❌
•  Don’t abandon structure ❌

Instead:

•  Show ✅ graded, context-dependent influence 
•  Demonstrate ✅ systematic (not random) overlap 
•  Upgrade your theory ✅

If you want next step
I can:

• rewrite your results + discussion for both outcomes (selective vs partial overlap) 
• or create a figure (heatmap / interaction plot) that clearly shows this pattern 

This is actually the moment where your paper can go from good → conceptually impressive.

can you calculate interactions from the questionnnaire? and then, can you correlate these 
intercttions with gender, education, age

Yes—but there’s an important distinction you need to get right so your analysis doesn’t become 
statistically meaningless.

You can compute interactions, but you must be clear about what kind of interaction you’re 
testing and what it means in your framework.



1. Can you calculate “interactions” from the 
questionnaire alone?

Short answer:
•  You can compute ✅ trait × trait interactions 
•  But these are ❌ not very meaningful by themselves 

Example (what you can compute):
E×R,E×N,R×N 

These represent:

• “People who are both empathetic and strategic” 
• etc. 

Problem
Without behavior:

You don’t know what these interactions do

They’re just numbers.

2. Where interactions actually become 
meaningful
Interactions matter when predicting behavior:

AE E+R+(E×R) ∼

Interpretation example:
If E×R is significant:

Empathy’s effect depends on reciprocity orientation



3. What interactions WOULD mean 
theoretically
This is actually powerful for your paper.

Example interpretations:

• E×C<0
→ empathy breaks down at high cost 

• R×N>0
→ norm-following amplifies strategic cooperation 

• K×E>0
→ empathy stronger toward kin 

4. Now your second question: correlation with 
demographics
Yes—this is useful and publishable, if done carefully.

Variables:
• Gender (categorical) 
• Age (continuous) 
• Education (ordinal) 

5. What to test (clean plan)

A. Trait differences by demographics

Example:

E gender ∼

• t-test or ANOVA 

B. Interaction differences

Example:

(E×R) gender ∼



Interpretation
• Do males vs females differ in combined tendencies, not just traits? 

C. Age correlations
corr(E,age),corr(R,age) 

D. Education effects
N education ∼

 Hypothesis:👉

• Higher education → stronger norm reasoning 

6. The MOST important analysis (don’t miss 
this)
Instead of just correlating traits:

Test whether demographics affect REGIME ACTIVATION
Example:

AE E+gender+(E×gender) ∼

Interpretation
• If E×gender significant: 

Empathy translates into behavior differently across genders

7. Clean list of analyses you should run
(1) Trait-level

• E, R, N, K vs gender, age, education 



(2) Interaction terms

• E×R, E×N, etc. vs demographics 

(3) Behavior models (most important)

For each condition:

A trait+demographic+(trait×demographic) ∼

8. What NOT to do
Avoid:

 correlating everything with everything❌
 interpreting interaction terms without behavioral context❌
 overfitting with too many interactions❌

9. Strong, publishable insights you might find
Examples:

• Females: stronger empathy → behavior link 
• Males: stronger reciprocity → behavior link 
• Age: shift from empathy → norm-based reasoning 
• Education: increases norm sensitivity but not empathy 

10. Important warning (very important)
With 300 participants:

• You can test: 
• main effects 
• a few interactions 

• You cannot: 
• test 20+ interactions reliably 

11. Bottom line
Yes:

• You can compute interactions 



• You can correlate with demographics 

But the real value is:

Do interactions change how traits translate into behavior?

—not just whether they exist

If you want next step
I can:

• give you exact regression equations + code (Python/R) 
• or simulate what demographic effects would look like in your dataset 

This is where your paper starts becoming methodologically sophisticated rather than just 
conceptual.

how are you measuring behavior

Excellent question—this is actually the most important design decision in your entire study. If 
behavior is measured poorly, everything else (models, interactions, theory) collapses.

Let’s make this simple, rigorous, and feasible.

1. What “behavior” should mean in your study
You are not measuring:

“Are people altruistic?”

You are measuring:

Actual decisions under controlled conditions with real or perceived cost

So behavior must be:

• Choice-based (not opinion) 
• Cost-involving 
• Condition-specific (K, R, E, N) 

2. The simplest robust measure 
(recommended)
Use a resource allocation task:



“You have 10 points. How many do you give?”

Behavior variable
 given (0–10)A=points given (0–10) 

Why this works
• Quantitative 
• Comparable across conditions 
• Standard in literature 
• Easy to implement 

3. Exact behavioral prompts (ready to use)

(A) Kin condition
You have 10 points. Each point you give will benefit a close family member (e.g., 
sibling).
Each point you keep benefits only you.

How many points do you give?

(B) Reciprocity condition
You have 10 points. You are interacting with another participant.
Any points you give may be returned to you later in future interactions.

How many points do you give?

(C) Empathy condition
You have 10 points. The person you are paired with is currently experiencing hardship 
(e.g., financial or personal difficulty).
You will not interact with them again.

How many points do you give?



(D) Norm condition
Another participant has behaved unfairly (e.g., kept all resources).
You may spend your own points to reduce their payoff.

How many points do you spend to punish them?

 Note: Here behavior is still:👉

 spent (0–10)A=points spent (0–10) 

4. Optional improvement (stronger, but still 
simple)

Binary + continuous
Record:

• Decision 1: Help or not (Yes/No) 
• Decision 2: Amount (0–10) 

This gives:

• extensive margin (whether they help) 
• intensive margin (how much) 

5. Cost realism (important)
You have two options:

Option A: Hypothetical (easiest)
• Points are symbolic 

 acceptable for JHSS✅
 weaker realism❌

Option B: Incentivized (better)
• Points convert to: 

• small bonus 
• raffle entries 



• class reward 

 Even minimal incentive:👉

“Top scorers receive a small reward”

→ increases validity significantly

6. Multiple trials (recommended)
Don’t do just one decision per condition.

Do:

• 3–5 trials per condition 

Then:

 across trialsAcondition=average across trials 

7. Add one key process measure (very 
valuable)

Reaction time
• Record how long they take to decide 

Why this matters:

Regime Expected RT
Empathy fast
Reciprocity slower
Norm moderate
Kin fast

8. What you should NOT use
Avoid:

 “Would you help?” (survey)❌
 purely hypothetical moral dilemmas❌
 vague scenarios without cost❌



9. Final dataset structure (clean)
For each participant:

• A_K (mean of kin trials) 
• A_R 
• A_E 
• A_N 
• RT_K, RT_R, RT_E, RT_N 

10. Why this works (critical)
This setup ensures:

1. Behavioral validity

• Real decision, not opinion 

2. Comparability

• Same scale across all regimes 

3. Mechanism isolation

• Only context changes 

4. Compatibility with your theory

• Allows testing: 
• selective effects 
• interactions 
• switching 

11. One sentence you can use in your paper
“Altruistic behavior was operationalized as resource allocation under controlled 
contextual manipulations, allowing direct comparison of decision-making across 
distinct mechanistic conditions.”



If you want next step
I can:

• turn this into a full Methods section (publication-ready) 
• or design the exact online interface (Google Form / experiment flow) so you can run it 

easily 

You’re now at the point where your study is fully implementable and publishable if executed 
cleanly.

i want to break down an abstract construct defined as'altruism' into conditionalities; then quantitate 
those conditionalities then calculate altruism , correct?

Short answer: almost—but not quite, and that distinction is crucial.

What you’re proposing is:

Decompose → quantify → recombine → get “altruism”

That sounds clean, but if you do it naively, you fall right back into the circularity problem you 
correctly identified earlier.

Let’s sharpen it.

1. What you’re proposing (formalized)
You’re thinking:

Altruism=f(K,R,E,N,C) 

Where:

• K = kin 
• R = reciprocity 
• E = empathy 
• N = norms 
• C = cost 

2. Why this is NOT fully correct
Because:

There is no single scalar “altruism” that exists independently of context

What you actually observe is:

Acontext 

—not a global A



Key issue
If you compute:

A=wKK+wRR+wEE+wNN 

Then:

• Where do the weights come from? 
• If from data → circular 
• If arbitrary → meaningless 

3. The correct formulation (subtle but 
important)
Instead of:

“calculate altruism”

You should say:

“predict behavior under specific conditions using quantified conditionalities”

So the correct structure is:
AK=f(K,C) AR=f(R,C) AE=f(E,C) AN=f(N,C) 

 You don’t compute 👉 one altruism, you compute:

a vector of behaviors across conditions

4. What “altruism” becomes in your 
framework
Altruism is not:

 a scalar❌
 a trait❌

It is:

a profile of conditional responses



Formally:
Ai=(AiK,AiR,AiE,AiN) 

5. This is actually a much stronger scientific 
move
Instead of saying:

“Person X has altruism = 7.2”

You say:

“Person X shows high empathy-driven helping, low reciprocity-driven helping, 
moderate norm enforcement”

 This is:👉

• more precise 
• non-circular 
• mechanistically meaningful 

6. If you STILL want a single number (careful)
You can define:

A =41∗ (AK+AR+AE+AN) 

BUT:

 This is just a ⚠️ summary statistic, not a construct

Important distinction
• Summary ≠ explanation 
• Average ≠ mechanism 

7. Better alternative (publishable insight)
Define:



“Altruistic flexibility”
 across conditionsF=variance across conditions 

• High variance → context-sensitive 
• Low variance → trait-like 

Or:

“Dominant mechanism”
argmax(AK,AR,AE,AN) 

8. The correct conceptual statement (use this in 
your paper)

“Rather than representing altruism as a single latent variable, we operationalize it as a 
vector of context-dependent behaviors, each arising from distinct underlying 
mechanisms. This avoids circular aggregation and allows direct mapping between 
conditional drivers and observed actions.”

9. Bottom line
You are right that:

• You should break down altruism into conditionalities 
• You should quantify those conditionalities 

But the final step is NOT:

 “calculate altruism”❌

It is:

 ✅ “predict behavior under different conditions”
 ✅ “characterize individuals by their response profile”

10. Why this matters (big picture)
This is the difference between:



• weak paper:

“Altruism is influenced by many factors”

• strong paper (yours):

“Altruism is not a single construct, but a set of condition-specific behaviors 
generated by distinct mechanisms.”

If you want, I can:

• rewrite your theoretical framework section using this precise logic, or 
• show how to present this as a figure (profile plots across conditions) which would be very 

compelling for JHSS
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