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ABSTRACT 

This practice note examines the role of generative artificial intelligence (GenAI) temperature 

settings in program evaluation, particularly their impact on response consistency, variability, and 

implicit bias. Temperature settings influence the consistency and variability of generated 

outputs, affecting how evaluators interpret and use AI-assisted content. Lower temperature 

settings produce more deterministic responses, which can enhance reliability but may 

inadvertently reinforce dominant narratives, potentially limiting diverse perspectives. 

Conversely, higher temperature settings introduce variability, fostering creativity and increasing 

the risk of bias and inconsistency. Given the growing integration of AI-assisted methods in 

evaluation, this paper explores the implications of temperature settings for equitable and 

inclusive analysis. By examining temperature settings through an evaluation lens, this paper 

provides insights into mitigating bias, improving methodological rigour, and ensuring alignment 

with Equity, Diversity, and Inclusion (EDI) principles. The discussion offers practical guidance for 

evaluators on calibrating AI parameters to enhance transparency, fairness, and reliability in 

data-driven decision-making. This practice note aligns these technical considerations with 

established evaluation principles, including rigour, credibility, and culturally responsive and 

equitable practice. 
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RÉSUMÉ 

L’objectif de cette note pratique est d’examiner le rôle des paramètres de température dans 

l’intelligence artificielle générative (IA générative) et leurs effets sur la cohérence, la variabilité 

et les biais implicites dans le cadre de l’évaluation de programmes. Les paramètres de 

température influencent directement la stabilité des réponses produites par l’IA, ce qui a des 

implications pour la fiabilité des analyses et l’interprétation des résultats. Des valeurs faibles 

favorisent des réponses plus déterministes et cohérentes, renforçant la fiabilité, mais pouvant 

limiter la diversité des perspectives. À l’inverse, des valeurs plus élevées augmentent la 

variabilité, ce qui peut enrichir l’analyse tout en introduisant des risques d’incohérence et de 

biais. Dans un contexte où les méthodes assistées par l’IA sont de plus en plus intégrées aux 

pratiques d’évaluation, cette note examine les implications de ces réglages pour l’équité, la 

diversité et l’inclusion (EDI). Elle propose des orientations méthodologiques pour calibrer les 

paramètres de température de manière à réduire les biais, améliorer la rigueur analytique et 

soutenir des pratiques d’évaluation transparentes et inclusives. En reliant ces considérations 

techniques aux principes fondamentaux de l’évaluation, notamment la crédibilité, la rigueur et 

la sensibilité culturelle, cette contribution offre des recommandations pratiques pour une 

utilisation responsable de l’IA dans la prise de décision fondée sur les données. 

Mots clés: évaluation assistée par IA, réglages de température, atténuation des biais, fiabilité et 

variabilité, équité diversité inclusion. 
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INTRODUCTION 

Artificial intelligence is reshaping program evaluation, offering new opportunities and 

challenges in data analysis and decision-making. However, AI systems are not immune to bias. 

Recent studies show that large language models can reproduce patterns in their training data, 

including inequities related to gender, race, and socioeconomic status. For evaluators, this aligns 

with concerns raised in culturally responsive and equitable evaluation about how 

methodological choices can privilege particular perspectives over others. 
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A brief test was conducted to illustrate how temperature affects evaluation-oriented 

tasks. Using the same prompt for a findings summary, outputs were generated at temperatures 

of 0.3, 0.5, and 0.8. At 0.3, the summary was accurate and structured but omitted contextual 

nuance. At 0.8, the text incorporated broader perspectives but introduced speculative 

interpretations not supported by the data. A combined approach using a 0.3 output as the 

factual base and refining readability with a 0.5 version produced the most appropriate result. 

Similar patterns were observed in two common evaluation tasks. When generating interview 

probes from a logic model, temperatures of 0.4–0.5 produced aligned and relevant questions, 

while 0.7 drifted outside the program scope. For revising slide titles for community audiences, a 

setting of 0.2 ensured clarity, and a moderate increase to 0.4 improved accessibility without 

compromising precision. 

Within evaluation, concerns about bias and representativeness align with long-standing 

attention to culturally responsive and equitable evaluation (CRE) and values-engaged 

approaches. These traditions highlight the impact of methodological choices on the knowledge 

privileged in evaluative conclusions. Temperature settings function as one such methodological 

choice. 

GenAI is being explored in evaluation practice, with emerging applications including 

summarizing qualitative data, generating draft text, and synthesizing administrative documents. 

For example, in education, AI facilitates personalized assessments by analyzing student 

performance, identifying strengths and weaknesses, and ensuring consistency in grading, 

thereby helping to reduce human bias (Nayeem, 2024). In climate policy, AI integrates data from 

satellites, sensors, and historical records to assess environmental impact, evaluate policy 

decisions, support sustainable practices, and allocate resources for emergency planning, such as 

predicting risks related to flooding or drought (Lewis et al., 2024). In ethics, AI assesses decision-

making systems for potential ethical concerns, ensuring fairness and accountability while 

evaluating the broader societal implications of policies and technologies (Kumari, 2024). 

However, while AI enhances efficiency in evaluation, it is imperative to incorporate 

Equity, Diversity, and Inclusion (EDI) principles to ensure that AI-generated insights are fair, 

unbiased, and representative of diverse populations. AI models are trained on historical 

datasets, which may contain embedded societal biases (Angwin et al., 2016; Barocas & Andrew, 

2016; O’Neil, 2016). These biases can be perpetuated or even exacerbated without deliberate 

intervention, marginalizing certain groups and reinforcing existing inequalities. In program 

evaluation, ensuring EDI requires scrutinizing AI’s decision-making processes, assessing how 

different demographic groups are represented in AI-generated insights, and calibrating AI 

parameters—such as temperature settings—to mitigate bias while maintaining diversity in 

perspectives. By integrating EDI considerations into AI-driven evaluations, decision-makers can 
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promote fairness, transparency, and inclusivity, ultimately leading to more equitable outcomes 

across various domains. 

If AI models are not actively designed to mitigate bias, they risk reinforcing and 

amplifying implicit societal biases in the data they learn from. Since AI models are trained on 

vast datasets that may reflect historical and systemic inequalities, they can unintentionally 

marginalize certain voices and underrepresent specific perspectives. This can have real-world 

consequences, such as biased hiring practices, disparities in criminal justice outcomes, and 

inequities in healthcare recommendations (Mehrabi et al., 2022). 

Biases in training data can be difficult to detect, making it challenging to ensure 

accountability and transparency in AI-driven decisions. Given these risks, it is crucial for 

evaluation practitioners and partners, particularly in Canada, to integrate EDI principles into AI 

systems (Pan-Canadian Artificial Intelligence Strategy, 2024). Canadian policies emphasize 

fairness, transparency, and the ethical use of AI, recognizing that addressing bias and ensuring 

inclusivity in AI systems is fundamental to maintaining credibility, trust, and social responsibility 

(Treasury Board of Canada Secretariat, 2024). By embedding EDI considerations into AI 

evaluation practice guidelines, practitioners can work toward reducing bias and fostering 

equitable, data-driven decision-making. 

KEY CONSIDERATIONS IN AI-ASSISTED PROGRAM EVALUATION 

By effectively managing temperature settings, evaluators can enhance the accuracy, 

fairness, and reliability of AI-assisted assessments (OECD, 2022; Zuiderwijk et al., 2021). Lower 

temperature settings produce stable and predictable outputs, making them well-suited for 

standardized reporting and compliance monitoring (Salamone, 2024). A consistent GenAI model 

ensures uniformity in quantitative metrics, qualitative insights, and evaluation 

recommendations (McLane, 2024). 

For instance, in public health evaluations, AI-generated reports require consistency to 

accurately measure program effectiveness and provide transparent, repeatable evidence for 

decision-makers (Elvidge & Dawoud, 2024). Similarly, in community-based participatory 

research, using a moderate AI temperature setting enables the capture of diverse perspectives 

in qualitative data while maintaining coherence (Pretsch et al., 2024). This approach allows for 

evaluators to generate transparent and representative insights that accurately reflect the needs 

and opinions of diverse communities (Khodyakov et al., 2013).  

Despite the benefits of AI temperature calibration, several challenges remain in 

determining the ideal setting for a given evaluation. Temperature adjustments require careful 

consideration of context, as overly deterministic settings may suppress important nuances, 
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while highly variable settings may introduce inconsistencies. Additionally, AI models do not 

inherently provide guidance on optimal temperature configurations, leaving evaluators to rely 

on trial and error, domain expertise, and iterative testing to strike a balance between reliability 

and inclusivity. 

METHODOLOGICAL GUIDELINES FOR AI TEMPERATURE 

CALIBRATION IN EVALUATION 

AI systems may unintentionally reinforce dominant biases or overlook marginalized 

viewpoints if not carefully calibrated, leading to skewed evaluative insights. This paper proposes 

six key methodological guidelines for program evaluators to mitigate these risks and ensure fair 

and inclusive evaluations. 

1. Establishing Evaluation Criteria Across Temperature Settings 

To systematically assess AI-generated content, evaluators must consider several key 

factors influenced by temperature settings. One primary consideration is response length, as 

variations in temperature settings can impact the representation of information. Lower 

temperature settings often yield concise and structured responses, which may omit nuanced 

details, whereas higher settings produce longer and more diverse outputs that may 

overemphasize specific themes. Evaluators should analyze whether this variability affects the 

completeness and balance of the generated content. 

Another critical factor is thematic consistency. Evaluators should determine whether 

specific themes are disproportionately amplified or suppressed at different temperature 

settings. If AI-generated responses systematically truncate discussions on marginalized 

perspectives or fail to represent essential viewpoints, it could introduce bias (Abdali et al., 2024) 

and compromise the integrity of the evaluation. Identifying patterns in response termination is 

necessary to ensure that AI does not unintentionally reinforce dominant narratives at the 

expense of diverse perspectives. 

To standardize assessments, evaluators should develop a comparative practice guideline 

that examines AI-generated outputs across low-, medium-, and high-temperature settings. This 

guideline should incorporate metrics for response length, thematic variation, and bias 

detection, allowing evaluators to identify whether higher temperature settings enhance 

inclusivity or introduce excessive randomness. Ensuring that AI-generated content remains 

thorough, unbiased, and aligned with evaluation principles is crucial for maintaining the 

reliability and fairness of program assessments. A structured approach to temperature 

calibration ultimately supports more accurate and equitable evaluation outcomes. Evaluators 
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should document which perspectives appear or disappear as temperature changes and 

compare these outputs to existing data sources, participant input, and program documentation. 

2. Identifying Bias and Ensuring Fairness in AI Outputs within an EDI-Aware 

Guideline 

Evaluators must assess AI-generated content for bias and fairness through an EDI-aware 

guideline. Influenced by their training data and temperature settings, AI models may reinforce 

dominant narratives or introduce inaccuracies, distorting evaluative insights. Adjusting and 

analyzing outputs across temperature settings helps determine the optimal balance that 

minimizes bias while preserving analytical depth and inclusivity. 

To systematically detect bias, evaluators can apply thematic coding to identify 

underrepresented perspectives and perspectives that are not adequately represented. This 

helps reveal patterns where AI may disproportionately favor certain viewpoints or marginalize 

others. Additionally, statistical methods should be used to measure the distribution of topics, 

ensuring AI-generated content reflects a diverse range of perspectives rather than perpetuating 

systemic biases. By embedding EDI considerations into their evaluation approach, practitioners 

can move beyond surface-level fairness checks to proactively mitigate bias, enhance 

representational equity, and ensure AI-assisted evaluations support inclusive and transparent 

decision-making. 

3. Assessing AI’s Influence on Stakeholder Insights 

Evaluators must examine how AI-generated responses shape program decisions and 

whether they accurately reflect stakeholder perspectives. A critical step is comparing AI outputs 

with direct stakeholder input to identify discrepancies and potential misalignments. Evaluators 

should assess whether specific temperature settings introduce perspectives that either reinforce 

or conflict with community voices, as higher temperature settings may produce more diverse 

yet unpredictable responses that do not necessarily align with partners. 

To ensure AI-driven insights remain contextually relevant and representative, evaluators 

should qualitatively compare AI-generated outputs and real-world data sources. This 

comparison helps identify inconsistencies and assess whether AI-generated content amplifies or 

distorts critical viewpoints. By systematically evaluating AI’s role in shaping stakeholder insights, 

evaluators can enhance the reliability, inclusivity, and contextual accuracy of AI-assisted 

decision-making processes. 

4. Mitigating Bias Through Ethical AI Use 

To uphold EDI principles in program evaluation, evaluators must proactively mitigate bias 

in AI-generated content. Adjusting temperature settings is crucial to balancing factual accuracy, 
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reliability, and inclusivity without reinforcing dominant narratives or distorting 

underrepresented perspectives. A thorough review of AI-generated outputs helps identify 

unintended biases, ensuring that AI does not marginalize voices or skew insights. Additionally, 

documenting patterns of bias allows evaluators to establish guidelines for responsible AI use, 

fostering ethical decision-making. By developing standardized best practices for AI temperature 

settings, evaluators can create a structured approach to AI-assisted assessments that promotes 

fairness, transparency, and accountability. 

5. Reporting Findings and Recommendations 

Evaluators should present findings in a structured and transparent manner to inform 

program decisions effectively. This includes summarizing trends across various temperature 

settings, identifying key patterns, and evaluating how variability affects AI-generated responses. 

A critical reporting component addresses equity concerns and bias mitigation strategies by 

detailing the steps taken to enhance inclusivity and fairness in AI-assisted evaluations. Clear 

recommendations ensure partners understand how AI temperature settings influence 

evaluation outcomes and offer actionable guidance on responsible AI implementation. A well-

documented reporting process strengthens the credibility of AI-generated insights and supports 

the ongoing development of ethical and equitable AI evaluation guidelines. 

PRACTICAL STRATEGIES FOR AI-ASSISTED PROGRAM EVALUATION 

To prevent these issues, evaluators should implement key strategies. First, AI 

temperature settings should be aligned with evaluation goals to ensure a balanced 

representation of perspectives. Second, evaluators should apply bias detection methods to 

identify and address unfair patterns in AI-generated content. Third, training in AI literacy is 

essential to help evaluators recognize and mitigate hidden biases in outputs. Additionally, 

balancing reliability, creativity, and fairness remains a challenge, requiring careful oversight to 

ensure that AI-generated insights remain diverse and methodologically sound. Transparency in 

AI decision-making is critical; evaluators should document how AI processes data and involve 

partners in validation efforts to uncover potential blind spots and ensure inclusive 

representation in program assessments. Evaluators can begin at 0.3 for accuracy, test 0.5 for 

readability, and review 0.7 only for idea generation. 

Evaluators should treat temperature calibration as one component of a broader 

judgment process. Regardless of the setting used, AI outputs benefit from being compared 

against program documents, community perspectives, and triangulated evidence. In practice, 

this means reviewing generated text for alignment with purpose, verifying factual accuracy, and 

ensuring that the tone and emphasis reflect the values and information needs of partners. 
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Incorporating these checks allows temperature-adjusted outputs to strengthen, rather than 

substitute for, evaluator interpretation. 

How AI Supported this Practice Note 

This article used GPT-4o and 4o-mini to generate examples and refine draft language. 

The models were accessed using temperature settings of 0.2, 0.4, 0.6, and 0.8. Only author-

created text was provided as input, with no identifiable evaluation data included. Outputs were 

reviewed for accuracy, alignment with the source material, reading level, and EDI 

considerations, and all examples underwent human validation editing. 

Implications for Evaluation Practice 

Integrating GenAI into program evaluation requires careful calibration of temperature 

settings and a strategic focus on EDI. By systematically comparing temperature settings, 

applying thematic coding, and engaging partners, evaluators can validate AI outputs against 

real-world perspectives, thereby enhancing the fairness and accuracy of evaluations. These 

actions parallel established practices in culturally responsive, values-engaged, and participatory 

evaluation, where evaluators test interpretations against multiple perspectives before drawing 

conclusions. 

When used strategically, AI supports more comprehensive decision-making across 

various sectors, including education, ethics, and climate policy, by broadening the perspectives 

considered in evaluations. Implementing inclusive AI-driven evaluation practices enhances 

transparency, accountability, and accessibility, strengthening program assessments in both 

Canadian and global contexts. 

As organizations adopt GenAI tools more widely, evaluators will increasingly contribute 

to developing internal policies on the responsible use of these tools. This includes advising on 

appropriate temperature defaults for different analytic tasks, outlining documentation 

requirements, and identifying situations where AI should not be used without additional 

safeguards. Embedding these considerations into evaluation planning and governance processes 

can help ensure that AI-supported work remains credible and aligned with sector expectations 

for transparency, equity, and methodological soundness. 

CONCLUSION 

This practice note highlights the significance of AI temperature settings in shaping 

response consistency, variability, and potential biases in program evaluation. As evaluators 

incorporate AI into their workflows, temperature selection becomes a methodological choice 

similar to selecting an analytic lens or coding strategy. Clear documentation, validation against 
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source evidence, and attention to EDI help ensure that AI-assisted results meet standards of 

rigor and transparency.  

To align AI-driven evaluations with EDI principles, evaluators must establish ethical 

guidelines, develop expertise in identifying and mitigating bias, and incorporate stakeholder 

validation into their processes. As AI continues to shape the field of evaluation, practitioners 

must approach its use with intentionality—leveraging its strengths while remaining vigilant 

about its limitations. Future research should explore standardized approaches for AI calibration, 

the development of AI models explicitly designed for evaluation contexts, and the 

establishment of policy guidelines that ensure the responsible use of AI. By proactively 

addressing these challenges, evaluators can play a critical role in shaping ethical AI practices, 

ensuring that data-driven insights contribute to fairer, more inclusive, and methodologically 

sound decision-making. 

APPENDIX 

Table 1. Temperature Settings by Common Evaluation Task 

Task Prompt Pattern Recommended 
Temperature 

Pitfalls Quick Check 

Findings 
brief  

“Summarize findings at Grade 
8 reading level…” 

0.3–0.4 Omission 
of nuance 

Compare to 
source data 

Interview 
probes 

“Generate 5 interview 
questions based on this logic 
model…”  

0.4–0.6 Drift 
outside 
scope 

Alignment 
check 

Slide title “Revise for community 
audience…” 

0.2–0.4 Too 
generic 

Audience 
clarity 
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