
The Optimal Intensity of Performance Evaluation
Zhongjun Wang 

University of Science and Technology Liaoning https://orcid.org/0000-0002-7357-6313

Research Article

Keywords: Goodhart’s Law, performance evaluation, threshold model, goal displacement, qualitative
judgment, Fokker–Planck equation

Posted Date: September 30th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11206939/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: The authors declare no competing interests.

https://doi.org/10.21203/rs.3.rs-11206939/v1
https://doi.org/10.21203/rs.3.rs-11206939/v1
https://orcid.org/0000-0002-7357-6313
https://doi.org/10.21203/rs.3.rs-11206939/v1
https://creativecommons.org/licenses/by/4.0/


The Optimal Intensity of Performance Evaluation: A Threshold Model of 

Incentive Alignment and Goal Displacement in Higher Education 

Abstract 

Performance evaluation has become a central governance instrument in universities worldwide, yet how 

much evaluation is too much remains unanswered. This paper converts Goodhart’s and Campbell’s 

Laws from rhetorical warnings into a parameterised threshold model: under diminishing marginal 

returns, evaluation intensity and organisational effectiveness follow an inverted-U, but beyond a critical 

threshold (݇ < ((ݓ) 0݇  it triggers escalating dysfunction. It makes three contributions to higher-

education research. First, although Goodhart and Campbell have guided the field for decades, they have 

remained interpretive metaphors; to our knowledge this is the first within higher-education scholarship 

to render the counter-productive point measurable, building on economics (Rablen, 2010) and 

reinforcement learning (Skalse et al., 2022) while adding an institutional threshold and mitigation 

mechanism those accounts lack. Second, it decomposes qualitative review into three non-

interchangeable levers—peer review, value orientation, procedural justice—that respectively shift the 

threshold, the benefit ceiling, and the baseline dysfunction cost. Third, it adds a drift–diffusion layer 

showing that above-threshold evaluation pushes faculty effort toward metric optimisation, and distils the 

argument into six falsifiable propositions with identification strategies. Because the thresholds and 

levers are parameterised, the same diagnostic travels across national regimes, from China’s Break Five 

Onlys to cross-national research assessment. 

Keywords: Goodhart’s Law; performance evaluation; threshold model; goal displacement; qualitative 

judgment; Fokker–Planck equation 

1. Introduction 

Performance evaluation has become a central governance instrument in contemporary higher education. 

Since the 1980s, neoliberal restructuring, fiscal austerity, and global competition have pushed 

governments to treat universities as instruments of economic competitiveness, demanding measurable 

accountability; global rankings (ARWU, QS, THE) have amplified this metric pressure, especially on 

peripheral and semi-peripheral systems. Universities now tie publications, citations, and grants to 

promotion, tenure, and resources, and the marginal cost of measuring further dimensions has fallen 



sharply—encouraging expansion of evaluation intensity almost regardless of whether marginal benefits 

remain commensurate. 

These developments expose a fundamental tension: evaluation is meant to improve effectiveness, yet 

pushed beyond a point it can undermine the very goals it advances. The tension is widely framed 

through Goodhart’s Law (1975)—a measure that becomes a target ceases to be a good measure—and 

Campbell’s Law (1979), and a large higher-education literature uses them to interpret how tightly 

coupled indicators induce gaming and goal displacement (Anderson et al., 2022; Murphy, 2009). Yet 

Goodhart originated in monetary economics and was imported as an interpretive lens rather than 

developed natively; qualitative studies document metric overload, but formal models of the non-

monotonic relationship between evaluation intensity and outcomes—especially ones combining 

threshold effects with endogenous mitigation—remain scarce. Without such a model, reformers across 

China’s Break Five Onlys, the UK REF, and continental Europe cannot say when evaluation helps or 

harms. This paper addresses that question directly. 

The argument integrates organisational economics, motivation psychology, and higher-education policy 

analysis. This cross-disciplinary orientation is deliberate: formal modelling is distinctive in a field where 

Goodhart’s Law has been cited rhetorically rather than developed as a theoretical engine. The 

contribution is both substantive and methodological—translating qualitative claims into testable 

structure within a subfield where formal modelling of evaluation effects lags behind empirical 

documentation. 

This paper develops a formal threshold model in which evaluation intensity has an optimum: below ݇0, 

evaluation improves coordination, while beyond ݇0, dysfunctional costs grow disproportionately. To 

higher-education scholarship it makes three compact additions. (i) It turns Goodhart’s (1975) and 

Campbell’s (1979) Laws into a parameterised, falsifiable threshold proposition rather than an 

interpretive metaphor, going beyond Rablen (2010), who derives an inverted-U from an individual 

reference point without an institutional threshold, and Skalse et al. (2022), whose reward-hacking result 

decays monotonically with no threshold or mitigation. (ii) It splits qualitative review into three non-

interchangeable levers—peer review raising ݇0, value orientation raising ܣ, procedural justice reducing ܤ—replacing the undifferentiated “quantitative versus qualitative” debate (Power, 1997; Wilsdon et al., 

2015; de Rijcke et al., 2016) with lever-specific, testable design. (iii) It adds a Fokker–Planck drift–

diffusion layer and six falsifiable propositions, extending Holmström and Milgrom’s (1991) smooth, 

static substitution to a social-norm tipping point and identification strategies for public panel data. 

Together these yield an operational design constraint ݇ < (ݓ)0݇  for evaluation-system designers. 



Section 2 reviews the literature; Section 3 develops three formulations; Section 4 derives six 

propositions; Section 5 discusses policy; Section 6 outlines limitations; Section 7 concludes. 

2. Theoretical foundations and literature review 

2.1 Goodhart’s Law, Campbell’s Law, and the metrics critique 

Among the ways a measure ceases to be a good measure once it becomes a target, this paper focuses on 

the adversarial case: agents strategically optimise the metric at the expense of the true objective, with the 

threshold ݇0  marking where gaming becomes dominant. This is well documented in academia—

researchers inflate self-citations when metrics drive careers (Seeber et al., 2019). Skalse et al. (2022) 

formalise analogous reward hacking in reinforcement learning, showing reward–objective correlation 

decays monotonically as a reward model is optimised; parallel to our goal displacement, but our 

formulation adds an explicit threshold and a mitigation mechanism absent from that literature. 

Campbell’s (1979) Law likewise notes that quantitative social indicators used for decision-making 

become corruption-prone. 

In higher education, these principles manifest when publications, citations, and grants drive promotion 

and allocation (Hyle, 1999; Morgan Jones et al., 2022; Anderson et al., 2022). Kerr’s (1975) warning 

about rewarding ܣ while hoping for ܤ foreshadows Goodhart, and the Matthew effect (Merton, 1968) 

plus the reactivity of public measures (Espeland & Sauder, 2007; Sauder & Espeland, 2009) amplify the 

distortion. Broader critiques frame this as an audit explosion (Power, 1997; Shore & Wright, 2000), 

performativity (Ball, 2003), and the Leiden Manifesto’s metric caution (Hicks et al., 2015; Aksnes et al., 

2019). Most applications remain qualitative; formal treatments exist in adjacent fields—reference-

dependent targets (Rablen, 2010) and performance pay crowding out motivation (Siciliani, 2009)—and 

Section 3.2 distinguishes our concave-utility foundation. 

2.2 Motivation theory and the crowding-out effect 

Self-determination theory distinguishes intrinsic from extrinsic motivation, identifying autonomy, 

competence, and relatedness as basic needs (Deci & Ryan, 1985): evaluation supporting these needs 

enhances intrinsic motivation, while evaluation thwarting them drives burnout (Sabagh et al., 2022). A 

meta-analysis of 128 experiments confirms controlling rewards crowd out intrinsic motivation (Deci, 

Koestner, & Ryan, 1999), especially damaging in academia (Siciliani, 2009). Crowding-out thus 

supplies the psychological micro-foundation for the dysfunction cost ܷ2(݇): evaluation perceived as 

controlling generates disproportionately large costs above a threshold (Frey & Jegen, 2001). Procedural-



justice research (O’Connell et al., 2021) further shows that perceived fairness moderates acceptance of 

metric systems, motivating our treatment of ݓ௝ as a distinct sub-dimension. 

2.3 Multitask principal-agent theory and Chinese evaluation reform 

Holmström and Milgrom (1991) show that when some tasks are unmeasurable, optimal contracts 

weaken incentives on measurable tasks to prevent effort distortion—but their trade-off is smooth, with 

no critical discontinuity, whereas our model adds an explicit threshold and a dynamic drift mechanism 

(Section 3.6). Cross-national variation is substantial: the UK REF and Italy’s ANVUR mix bibliometrics 

with expert assessment (de Rijcke et al., 2016; Ortagus et al., 2020), while US performance-based 

funding has produced disappointing completion effects and has been abandoned by several states 

(Rutherford & Rabovsky, 2014; Hillman et al., 2014; Li & Hu, 2025). Volume-heavy systems with little 

qualitative review show declining returns, whereas mixed systems report more sustainable outcomes—

UK REF data show diminishing returns to publication volume, consistent with an inverted-U 

(Hammarfelt & de Rijcke, 2015). These observations motivate but do not substitute for formal 

identification. 

China’s evaluation system is a particularly salient context. Since the early 2000s, publications, citations, 

and grants have been tightly coupled to promotion, producing widespread “index worship” (Chen, 2021; 

Yan, 2019b). In 2020 the Ministry of Education issued the flagship “Break Five Onlys” (po wu wei) 

reform, targeting over-reliance on papers, titles, degrees, salaries, and hats (Liu, Z., 2020; Jiang & 

Wang, 2021; Meng & Zhang, 2021). Implementation has been uneven, with symbolic adoption and 

capacity constraints as universities struggle to operationalise qualitative evaluation (Meng & Zhang, 

2021; Chen, 2021). This motivates a model explaining both why intense quantitative evaluation 

produces dysfunctions and why qualitative reform is necessary but insufficient without capacity. 

International variation maps directly onto the model’s parameters: the sustainable threshold is not a 

universal constant but a function of institutional design. Performance-based funding spans a spectrum 

from mechanical publication counting, through expert-weighted models, to performance agreements 

(Hicks, 2012). Australia’s undifferentiated publication counting was followed by declining citation 

impact (Schneider et al., 2016), whereas Norway’s tiered indicator preserved impact while raising output 

(Aagaard et al., 2015; Bloch & Schneider, 2016); Italy’s ANVUR claims informed peer review but relies 

heavily on bibliometrics in STEM (D’Angelo, 2025), and the UK REF and Hong Kong RAE sit toward 

the high-threshold end (Li, Lo, & Yang, 2024). These patterns are consistent with review infrastructure, 

not intensity alone, setting the sustainable threshold. 



2.4 Positioning the threshold model within the higher-education literature 

Higher-education scholarship offers three well-developed accounts of why quantitative evaluation can 

go wrong. The first is the normative audit critique (Power, 1997; Shore & Wright, 2000; Ball, 2003; 

Hicks et al., 2015; Wilsdon et al., 2015): it shows that measurement distorts academic purposes, but not 

where quantitatively the distortion begins. The second is reactivity and commensuration (Espeland & 

Sauder, 2007, 2009), powerful narratively but without comparative-static predictions about when effects 

turn negative. The third is organisational economics—multitask agency (Holmström & Milgrom, 1991) 

and motivation crowding-out (Deci, Koestner, & Ryan, 1999; Frey & Jegen, 2001)—which supplies an 

incentive logic but predicts smooth, continuous substitution rather than a discrete tipping point. 

The threshold model’s contribution is to convert the first two traditions’ qualitative insights into one 

falsifiable structure: an explicit institutional threshold, a three-lever decomposition of qualitative review, 

and six estimable propositions. It departs from Skalse et al. (2022), whose reward-hacking result decays 

monotonically with no threshold and no moderating lever, and it replaces the third tradition’s smooth 

trade-off with a discontinuous one—gradual below the threshold and sharply accelerated above it by a 

social-norm tipping point (Granovetter, 1978). It is best read not as an economics import but as a 

formalisation of claims the field has long made qualitatively—now measurable and testable. 

3. Model development 

3.1 Definition and operationalisation of evaluation intensity k. A complete notation table is provided 

in Table S1 of the Online Supplementary Materials. 

Evaluation intensity ݇ is the degree to which an organisation relies on quantitative metrics to monitor, 

evaluate, and reward faculty, operationalised as a composite of four dimensions: metric weight in 

personnel decisions; measurement granularity; consequence magnitude; and standardisation across 

disciplines. Each is scored 0–1, and ݇  is their unweighted mean. Equal weighting is a transparent 

baseline, and the qualitative predictions depend only on the signs of the partial derivatives, not on the 

weighting scheme; each dimension is codable from promotion documents and policy records (cf. 

Ortagus et al., 2020). 

Organisational effectiveness ܷ is defined as true long-term organisational value creation—high-impact 

research, quality teaching, and service—distinct from short-term metric-based scores. This definition is 

itself contested, since what counts as valuable varies across missions and stakeholders. The model treats ܷ from the standpoint of the organisation’s stated educational and scholarly mission. As Section 5.4 



discusses, the qualitative prediction—that excessive metric intensity undermines whatever ܷ  the 

organisation values—is robust across competing definitions, although the optimal intensity ݇∗∗ and the 

threshold ݇0 vary quantitatively with the choice of ܷ. 

3.2 Static univariate model: functional form and micro-foundations 

The net effectiveness ܷ(݇)  is decomposed into an alignment benefit 1ܷ(݇)  and a dysfunction cost ܷ2(݇). Equation (1) specifies the alignment benefit as a concave exponential approaching an asymptote ܣ, where ܣ is the maximum benefit and ߙ governs the diminishing-returns rate. The concavity reflects 

diminishing marginal returns to evaluation: the first units clarify expectations and provide basic 

feedback, while later units yield smaller marginal gains. This rests on standard concave-utility 

assumptions rather than behavioural reference-dependent preferences. As the comparison with Rablen 

(2010) below details, the inverted-U does not require prospect theory, loss aversion, or reference points; 

non-monotonicity arises from the cost side, not from kinked utility. 

1ܷ(݇)  =  (1) (ఈ௞−݁ − 1)ܣ 

Equation (2) gives the piecewise dysfunction cost: below the threshold ݇0, it grows linearly at rate ܤ; 

above ݇0, an exponential term is added. The exponential form, which applies for ݇ >  ݇0, is justified by 

two reinforcing feedback mechanisms. First, a social-norm effect: once a critical mass of faculty game 

the metric, academic norms shift, raising the social cost of compliance and the relative return to gaming 

(Espeland & Stevens, 1998). 

Second, an organisational-amplification effect: management observing short-term metric growth 

intensifies quantitative evaluation, creating a feedback loop (Muller, 2018). Let ݌(݇)  denote the 

proportion of gaming faculty. Above ݇0, social-norm feedback satisfies a feedback law (Eq. 28, Online 

Supplementary Materials): the gaming proportion grows exponentially at feedback rate r—the social-

norm feedback strength—calibrated to track the dysfunction-acceleration parameter ߚ . Because 

dysfunction cost is proportional to ݌(݇) , this yields the exponential term directly. The qualitative 

prediction—that marginal dysfunction rises with ݇—is robust across exponential, quadratic, and S-

shaped costs; only the precise location of ݇∗∗ and ݇௕௘ is function-form-dependent (Table S4). 

ܷ2(݇)  =  { ,݇ܤ ݇ ≤ + ݇ܤ0݇  ఉ(௞ − ௞0)݁)ܥ   −  1), ݇ >  ݇0 
(2) 

ܷ(݇)  =  { − 1)ܣ  ݁−ఈ௞)  − ,݇ܤ  0 ≤  ݇ ≤ − 1)ܣ0݇   ݁−ఈ௞)  − − ݇ܤ  ఉ(௞ − ௞0)݁)ܥ   −  1), ݇ >  ݇0  
(3) 



A comparison with Rablen (2010) clarifies the role of preferences. Rablen derives non-monotonic effort 

under prospect-theoretic reference dependence—loss aversion and diminishing sensitivity relative to a 

reference point—whereas we obtain the inverted-U from concave benefits plus convex piecewise-

exponential costs under standard expected utility, with no reference point. They agree on an inverted-U 

but differ in three ways: Rablen’s effort declines when a target crosses an individual reference point, 

whereas ours declines when evaluation intensity crosses the organisational threshold ݇0 —an 

institutional rather than psychological boundary; Rablen’s decline is smooth with no acceleration or 

break-even point; and ours needs no loss aversion. We therefore position the model as a complement, 

distinguishable empirically by whether dysfunction accelerates sharply at an institutional threshold 

(ours) or smoothly at an individual reference point (Rablen). 

Summing gives Equation (3). For ݇ ≤  ݇0 , the first-segment marginal condition (Eq. 4, Online 

Supplementary Materials) is positive when ߙܣ > ܤ  , with interior optimum ݇∗  (Eq. 5, Online 

Supplementary Materials); ݇∗ is the unconstrained first-segment optimum, and the global optimum lies 

there iff ݇∗  ≤  ݇0  and ܷ′(݇0)  ≤  0 . Under the baseline parameters ݇∗  =  1.498 >  ݇0  =  0.5 , the 

global optimum ݇∗∗  =  0.6063 lies in the second segment. For ݇ >  ݇0, the second-segment marginal 

condition (Eq. 6, Online Supplementary Materials) gives ݇∗∗ solving Equation (7) numerically. As ݇ → ∞, the exponential term dominates and ܷ(݇)  →  −∞, so sufficiently excessive evaluation leaves the 

organisation worse off than none at all. The break-even point ݇௕௘ (Equation 8) solves the zero-net-utility 

condition; under baseline parameters ܣ =  1.0, = ߙ  2.0, = ܤ  0.1, = ܥ  0.2, = ߚ  2.0, ݇0  =  0.5 , 

numerical solution yields ݇∗∗  ≈  0.606 and ݇௕௘  ≈  1.303, marked in Figure 1 (݇∗∗ ܽ݊݀ ݇௕௘). ݁ߙܣ−ఈ௞∗∗  = + ܤ   ఉ(௞∗∗−௞0) (7)݁ߚܥ 

− 1)ܣ  ݁−ఈ௞್೐)  = ௕௘݇ܤ   + ఉ(௞್೐−௞0)݁)ܥ   −  1) (8) 



 

Figure 1. Non-monotonic relationship between evaluation intensity ݇ and organisational effectiveness ܷ(݇). The solid curve shows ܷ(݇)  =  1ܷ(݇)  − ܷ2(݇), marking the critical threshold ݇0  =  0.5, optimal intensity ݇∗∗  ≈  0.61, and break-even point ݇௕௘  ≈  1.30. 

Parameters: A = 1.0, α = 2.0, B = 0.1, C = 0.2, β = 2.0, ݇0  =  0.5. Parameter values are illustrative; see Section 3.5 for empirical 

anchoring. Reproducibility code and high-resolution figures are available in the Online Supplementary Materials. 

3.3 Bivariate extension: qualitative judgment as a three-dimensional mitigation mechanism 

We introduce ݓ ∈  [0,1]  as the weight of qualitative judgment. The threshold-raising function is 

Equation (9) and the benefit-enhancement function Equation (10), both linear in the qualitative-

judgment weight. Equation (11) gives the bivariate utility; the marginal conditions and the 

decomposition of this weight into peer review ݓ௣ , value orientation ݓ௩ , and procedural justice ݓ௝ , 

together with their extended specifications, are derived in the Online Supplementary Materials (Eqs. 12–

15). We propose these mechanism assignments as testable hypotheses. Peer review primarily raises ݇0 

because expert assessment reduces information asymmetry: reviewers can distinguish genuine high-

impact work from strategic publication, blunting metric optimisation and pushing the threshold 

rightward. Value orientation primarily raises A because 

alignment of metrics with institutional mission recognises hard-to-quantify outputs (teaching quality, 

service, interdisciplinary work), raising the maximum achievable alignment benefit. Procedural justice 

primarily reduces B because transparent criteria, faculty representation, and formal appeal mechanisms 

mitigate resentment and resistance, lowering baseline administrative friction and disengagement 

(O’Connell, O’Siochru, & Rao, 2021). ݇0(ݓ)  =  ݇00(1 +  (9) (ݓߛ 



(ݓ)ܣ  = 0ܣ   +  (10) ݓߜ 

ܷ(݇, (ݓ  = − 1)(ݓ)ܣ   ݁−ఈ௞)  −  { ,݇ܤ ݇ ≤ + ݇ܤ(ݓ)0݇  ఉ(௞−௞0(௪))݁)ܥ   −  1), ݇ >  (ݓ)0݇ 
(11) 

Table S3 summarises the three sub-dimensions and their mechanisms. These identify primary channels, 

not exclusive effects: procedural justice may also raise ݇0, peer review may also raise A, and value 

orientation may reduce B. If a mechanism is misassigned—peer review operating mainly through A 

rather than ݇0 —the lever-to-parameter predictions are revised, but the inverted-U and threshold 

existence remain intact because they depend on the sign of the partial derivatives. Proposition 4 tests 

dominant against secondary effects. Figure 2 plots ݇0(ݓ) and (ݓ)ܣ on separate axes; the levers are not 

interchangeable, and misassignment is correctable through Proposition 4’s interaction tests. 

quantities have different units and are not directly comparable. The decomposition transcends the 

undifferentiated “quantitative versus qualitative” dichotomy: rather than asking broadly how much 

qualitative judgment to add, policymakers target specific levers—raising the threshold via peer review, 

lifting the ceiling via mission alignment, or lowering the floor via procedural justice—each with distinct 

cost profiles and institutional prerequisites, and the model shows they are not interchangeable. 

Misassignment is correctable through Proposition 4’s interaction tests. 

 

Figure 2. Effect of qualitative-judgment weight ݓ and dysfunction rate ߚ. (a) ܷ(݇,  for w = 0, 0.5, 1.0; higher w shifts the threshold (ݓ

rightward. (b) ݇0(ݓ) (left axis, evaluation intensity) and (ݓ)ܣ (right axis, maximum alignment benefit) as functions of w; the two 

quantities have different units and are plotted on separate axes, not for direct comparison. (c) Sensitivity: ܷ(݇) for ߚ =  1.0, 2.0, 3.0, 

confirming a robust inverted-U. Parameters: A = 1.0, α = 2.0, B = 0.1, C = 0.2, ݇00  =  0.5, = ߛ  0.8, = ߜ  0.3. Parameter values are 

illustrative. 

3.4 Dynamic model: Fokker–Planck drift–diffusion and the threshold 

It is worth stating explicitly what this dynamic layer adds. The inverted-U already establishes that net 

effectiveness eventually declines; what it does not capture is how metric scores and true value drift apart 

over time. The drift–diffusion layer answers that process question: it predicts that above the threshold, 



even as publication counts continue to rise, forward-looking true value declines monotonically 

(Proposition 5). This divergence is the layer’s genuinely new dynamic prediction, and the equations that 

follow are its derivation rather than an additional claim; full derivations are in the Online Supplementary 

Materials. The Heaviside step used below is a parsimonious device, and replacing it with a smooth 

logistic transition leaves all qualitative predictions unchanged, as the robustness check below details. 

Equation (16) is the Fokker–Planck equation. Let ݁(ݔ,  where x=0 is pure metric optimisation and x=1 pure true-value production. Equation (17) gives ,[0,1] ∋ ݔ be the density of faculty effort at quality (ݐ

the drift velocity ݔ)ݒ, ݇, (ݓ  = ݇ߤ−  · 1)ݔ − (ݔ · ݇)߆ − < ߤ with ,((ݓ)0݇  0 drift strength, D diffusion, 

and Θ the Heaviside step; reflecting boundary conditions (Equations 18–19) and initial condition 

(Equation 20) close the system. The step encodes discontinuous norm change: below ݇0, gaming is 

stigmatised and low-return; above ݇0, it becomes normalised and high-reward—a counterpart to policy 

reforms that abruptly raise stakes and Granovetter-style tipping points. 

behaviour can produce sudden norm changes once a critical mass of faculty game the metric 

(Granovetter-style threshold models). In practice, however, the transition may be smooth rather than 

discontinuous. Replacing the Heaviside step with the logistic smooth-transition function ߪ((݇ − ݇0)/߬), 

where ߬ controls the transition width, leaves the qualitative results unchanged: for any finite ߬, there is a 

neighbourhood of ݇0 in which drift rises rapidly, and the steady-state distribution still shifts toward low 

x as k grows. The core predictions—drift direction, the divergence between V(t) and M(t), and the 

existence of a rapid-transition region—are robust to smoothing; only the boundary’s sharpness changes. 

The full check is reported in Online Supplementary Materials Section 3. ߲߲݁ݐ  = ݔ߲߲ −  ,ݔ)ݒ] ݇, ,ݔ)݁(ݓ [(ݐ  +  2ݔ²߲߲݁ ܦ 
(16) 

,ݔ)ݒ ݇, (ݓ  = · ݇ߤ −  · ݔ   (1 − (ݔ   · − ݇)߆   (17) ((ݓ)0݇ 

For ݇ ≤ (ݓ)0݇  , drift vanishes and Equation (16) reduces to pure diffusion (Eq. 21, Online 

Supplementary Materials); above the threshold, setting ߲݁/߲ݐ =  0 gives the steady-state ODE (Eq. 22, 

Online Supplementary Materials). True value V(t) is Equation (24) and metric score M(t) Equation (25). 

For ݇ > (ݓ)0݇  , Equation (26) gives a steady-state distribution densest at low effort quality, and 

average quality ݔ ∗ (݇) (Eqs. 23 and 27, Online Supplementary Materials) declines monotonically with k 

above the threshold: as faculty shift effort to metric optimisation, metric scores rise while true value 

falls—Goodhart’s Law dynamically. Note that M(t)=1−V(t) (Equation 25) holds by construction under 

normalised effort quality; the empirical content of Proposition 5 is therefore not this identity but that 



V(t) falls monotonically above the threshold. Figures 3–4 plot the distributions and the divergence 

between ܸ(ݐ) and (ݐ)ܯ. Both layers share the threshold ݇0(ݓ); ܷ(݇) can be read as steady-state true 

value ݔ∗̅̅ ̅(݇) minus administrative costs ݇ܤ; with ݔ∗̅̅ ̅(݇) declining above ݇0(ݓ), this supplies the micro-

behavioural basis for the exponential dysfunction term. The mapping does not assert a closed-form 

identity between ܷ(݇) and ݔ∗̅̅ ̅; it establishes that the static decline has a behavioural foundation in the 

drift of effort quality. 

(ݐ)ܸ  =  ∫ · ݔ ,ݔ)݁  1ݔ݀ (ݐ
0  

(24) 

(ݐ)ܯ  =  ∫(1 − · (ݔ ,ݔ)݁  1ݔ݀ (ݐ
0  =  1 −  (ݐ)ܸ 

(25) 

(ݔ)∗݁  = · ܥ   exp ܦ/݇ߤ−] 22ݔ)  − 33ݔ  )] , ݇ >  (ݓ)0݇ 
(26) 

A complementary micro-foundation for the threshold drift comes from social-norm dynamics. Let ݌(݇) 

denote the proportion of faculty engaging in strategic metric-gaming. As evaluation intensity rises above 

the threshold, peer effects and organisational amplification create a positive feedback loop: as more 

faculty game metrics, the publish-or-perish norm strengthens, lowering the psychological cost of gaming 

for others. Formally, Eq. (28) (Online Supplementary Materials) expresses how the gaming proportion 

grows as evaluation intensity rises above the threshold, at rate r once k exceeds k0; r is the social-norm 

feedback strength glossed in Section 3.2, and p0 the baseline share of gaming faculty. 

Equation (28) (Online Supplementary Materials) shows that ݌(݇) grows exponentially above ݇0, 

providing a micro-level rationale for both the exponential dysfunction cost in Equation (2) and the 

threshold-activated drift in Equation (17). 



 

Figure 3. Steady-state effort distributions from the Fokker–Planck model. (a) Probability density ݁∗(ݔ) for different evaluation intensities 

k: uniform for ݇ ≤  ݇0  =  0.5, while drift skews effort toward low x (metric optimisation) for ݇ >  ݇0. (b) Average effort quality ̅ݔ 

declines as k rises beyond ݇0. Parameters: ߤ =  1.5, = ܦ  0.1. Qualitative patterns are robust. 

 

Figure 4. Dynamic divergence of true value and metric score. (a) For ݇ =  0.9 >  ݇0, true value production ܸ(ݐ) declines while metric 

score (ݐ)ܯ rises, embodying Goodhart’s Law. (b) True-value dynamics ܸ(ݐ) under different evaluation intensities: ݇ ≤  ݇0 yields 

convergence to uniform quality, while ݇ >  ݇0 yields systematic decline. Parameters: ߤ =  1.5, = ܦ  0.1, = ߣ  5.0. The divergence 

pattern is insensitive to moderate parameter changes. 

3.5  Parameter setting, empirical anchoring, and systematic sensitivity analysis 

Table S4 (Online Supplementary Materials) lists the baseline parameter values and their empirical 

anchors; the baselines are as followed:  ܣ =  1.0, = ߙ  2.0, = ܤ  0.1, = ܥ = ߚ ,0.2   2.0, ݇00  =  0.5, = ߛ  0.8, = ߜ  0.3, = ߤ  1.5, = ܦ  0.1, = ߣ  5.0. 

These normalised values are illustrative, and empirical calibration requires institution-level data. The 

marginal-returns parameter ߙ governs how quickly alignment benefits saturate: education-production-

function estimates typically find strongly diminishing returns to instructional inputs, supporting ߙ in the 



range 1–3. The dysfunction-growth rate ߚ governs how rapidly gaming accelerates above threshold: 

studies of goal displacement suggest dysfunction compounds over a 2–5 year horizon, supporting ߚ in 

the range 1–4. The baseline threshold ݇00  =  0.5 corresponds roughly to a promotion system in which 

quantitative metrics carry about 50–60% of weight, consistent with research-intensive practice. The 

threshold-raising coefficient ߛ =  0.8 implies that adding qualitative judgment shifts ݇0 by roughly 0.04 

per 0.1 increase in ݓ. 

Sensitivity ranges are in Table S5. Varying 3.0–1.0 ߚ shifts ݇∗∗ ~0.83–0.51 (at ݓ =  0) while 

preserving the inverted-U; varying 0.5–0.1 ܥ shifts ݇௕௘ ~1.60–0.96; and varying 3.0–1.0 ߙ shifts ݇∗ 

without eliminating the optimum. The inverted-U, threshold discontinuity, and drift direction hold 

throughout the region ߙ, ,ܥ ,ߚ < ߤ  0 and ߙܣ >  ,Qualitatively robust predictions (inverted-U .ܤ 

threshold, drift direction) hold across all admissible parameters; quantitative predictions such as ݇∗∗  ≈ 0.61 or the location of ݇௕௘ are illustrative, and policy recommendations rest on the robust class. 

The robustness boundary is delimited by ߙܣ > = ݇ evaluated at ܤ   0: if marginal benefit at ݇ =  0 

does not exceed marginal cost, the inverted-U collapses. This predicts that systems with high fixed 

administrative costs (B large relative to A) may be net-negative even at low intensity (Woelert, 2023), 

consistent with documented compliance without learning (Rutherford & Rabovsky, 2014). When ߙܣ is 

large relative to B, ݇∗∗ sits further above ݇0, implying that well-designed systems—where evaluation 

provides feedback that genuinely improves coordination—can sustain higher intensity before 

dysfunction sets in. 

3.6  Relationship to the Holmström–Milgrom multitask principal-agent model 

The model extends the Holmström–Milgrom (H-M) multitask framework. H-M already predicts that 

excessive measurable incentives are suboptimal when tasks are unmeasurable; we differ in three ways. 

First, H-M yields a smooth trade-off, whereas ours introduces an explicit threshold ݇0 beyond which 

dysfunction accelerates—interpretable as a critical point in cross-task substitution elasticity: gradual 

below ݇0, then accelerated above ݇0 once a social-norm tipping point is reached. Second, H-M is static, 

whereas our Fokker–Planck layer adds dynamic drift. Third, H-M omits social amplification, whereas 

our management feedback loop is an additional dynamic. The approaches are complementary: H-M asks 

what incentive strength the principal chooses, whereas we take ݇ as given and ask how effective it is; 

nesting the optimal-contract choice inside the threshold framework is left to future work. 



4.  Six testable propositions and identification strategies 

The model generates six testable propositions. For each, we specify the key variables, data sources, 

identification assumptions, and potential threats, so that subsequent empirical work can be designed 

directly from the formal structure. 

Proposition 1 (Non-monotonicity). The relationship between evaluation intensity ݇ and organisational 

effectiveness ܷ is inverted-U-shaped. Identification: institutional panel data over 10–15 years with 

institution fixed effects. ݇ is measured as the composite four-dimension index of Section 3.1, coded 

from promotion documents and policy records; ܷ is proxied by forward-citation-weighted research 

output (five-year forward citations per publication, capturing long-run impact rather than short-run 

quantity) and student learning outcomes (e.g., graduate employability, alumni surveys). The 

specification is ௜ܷ௧  = 1݇௜௧ߚ   + 2݇௜௧2ߚ   + ௜௧ܺߛ   + ௜ߙ  ௧ߜ +   + 1ߚ ௜௧; an inverted-U requiresߝ   >  0 and 2ߚ  <  0. Threats include omitted variables (leadership changes, resource shocks) and reverse causality 

(declining universities intensifying evaluation); both are addressed by institution and year fixed effects 

and lagged ݇. 

Proposition 2 (Threshold effect). A critical threshold ݇0 exists beyond which dysfunctions emerge 

rapidly. Identification: exploit evaluation reforms—China’s 2020 “Break Five Onlys,” the UK REF 

exercises, or US performance-funding adoption—as quasi-natural experiments using difference-in-

differences (DID). The treatment group comprises institutions whose pre-reform quantitative intensity 

was above the sample median, the control group those below; the reform year defines treatment timing. 

Because implementation is gradual and varies across provinces and tiers, a staggered DID with bias-

corrected estimators (Callaway & Sant’Anna, 2021) is appropriate. Outcomes include forward-citation-

weighted research quality and graduate outcomes, with institutional size, disciplinary composition, and 

regional economic conditions as controls. The key identifying assumption is parallel pre-trends, testable 

via event-study coefficients. Further details are in the Online Supplementary Materials. 

Proposition 3 (Qualitative judgment moderates the threshold). ݇0  is higher in systems with 

substantial qualitative judgment. Identification: mediation models across institutions, estimating the 

paths from peer-review weight ݓ௣ , value-orientation weight ݓ௩ , and procedural-justice weight ݓ௝  to 

threshold shifts. ݓ௣ is the share of promotion criteria devoted to external peer review; ݓ௩ the explicit 

reference to institutional mission in evaluation documents; ݓ௝ the presence of transparent appeals and 

faculty representation. The model predicts ݓ௣ exerts the strongest threshold-raising effect (ߛ௣  > ,௩ߛ   ,(௝ߛ



contingent on peer-review quality. The key threat—endogeneity of qualitative-judgment adoption—is 

addressed by institution fixed effects and within-institution variation over time. 

Proposition 4 (Differential effects of qualitative-judgment sub-dimensions). Peer review raises ݇0 more 

strongly per unit than procedural justice, because it directly reduces the returns to metric gaming; the 

proposition is designed to distinguish dominant from secondary mechanisms. Identification: hierarchical 

regression across institutions with varying designs, interacting ݓ௣ and ݓ௝ with the quadratic term in ݇. If 

the mechanism assignment is correct, the interaction ݓ௣  ×  ݇2 should attenuate the negative curvature 

more than ݓ௝  ×  ݇2; if instead ݓ௝ dominates, the misassignment is exposed. A falsification test predicts 

that ݓ௩ should primarily affect the intercept (A) rather than the curvature ݇0. This is the most directly 

testable of the three-sub-dimension hypotheses and serves as a within-model robustness check. 

Proposition 5 (Dynamic adaptation). The divergence between metric scores and true value accelerates 

over time when ݇ >  ݇0. Identification: event-study methods tracking institutional metric scores (annual 

publication counts, grant income) and quality indicators (forward citations per paper, graduate 

outcomes) over several post-reform years. The divergence slope is predicted to rise monotonically with 

post-reform ݇. Synthetic control methods can construct counterfactual trajectories for matched untreated 

institutions. The key outcome is the ratio (ݐ)ܸ/(ݐ)ܯ : the model predicts it exceeds 1 for treated 

institutions with high pre-reform ݇, but not for those with low pre-reform ݇. Threats include secular 

trends in publication practices (e.g., open-access mandates) affecting all institutions, which year fixed 

effects absorb. 

Proposition 6 (Heterogeneity). ݇0 is lower for early-career researchers (where career precarity is higher) 

but higher in STEM fields, where outputs are more quantifiable. Identification: cross-disciplinary and 

cross-career-stage subsample analysis. The model predicts ݇0  for early-career faculty, because 

precarious employment increases responsiveness to metric incentives, and ݇0  in quantifiable fields, 

because metrics track true value more closely. Gender heterogeneity is also expected: documented 

evaluation biases (Valencia, 2022) suggest female faculty may face lower effective thresholds owing to 

higher service burdens and stereotype threat. Expected directions are specified a priori. 

The six propositions are testable with publicly available institutional panel data. Proposition 1 needs 

institution-level evaluation-policy codes paired with public research-output and student-outcome data; 

Proposition 2 exploits national reforms (po wu wei, UK REF, US performance-funding adoption) as 

quasi-exogenous variation; Propositions 3 and 5 need cross-sectional design and longitudinal 



metric/quality data. None requires proprietary personnel data, although structural estimation of ݇0 will 

need sufficient policy variation or a structural-break estimator. The propositions are the hypotheses 

future studies will confront with data. 

5. Policy implications 

5.1 The threshold constraint ࢑ <  ࢑૙ (࢝) 

The model yields a clear operational design constraint: evaluation intensity should remain below ݇0(ݓ)  =  ݇00(1 + (ݓߛ  , ideally near ݇∗∗ . Institutions should audit their systems against the four-

dimension ݇  index and benchmark them against peers. The precise numerical value of ݇00  requires 

empirical calibration, but the directional constraint is robust: do not push metric intensity beyond the 

point at which qualitative judgment can no longer buffer it. Increasing qualitative judgment ݓ is the 

primary lever for expanding safe quantitative intensity, but only where qualitative systems are 

sufficiently resourced and procedurally fair to resist colonisation by metric logic. 

5.2 Three-dimensional policy levers and differentiated recommendations 

Because the three sub-dimensions operate through distinct mechanisms, policy levers are not 

interchangeable: peer review raises the threshold; value alignment raises the maximum benefit; 

procedural justice reduces baseline dysfunction. Over-reliance on metrics erodes academic citizenship 

(Smith & Walker, 2024). Differentiated recommendations follow. 

Through the academic-profession literature, the parameters map onto documented features of academic 

work: rising administrative burden (Woelert, 2023) corresponds to a high fixed-cost term that can push 

systems net-negative at low intensity; burnout under audit (Lei et al., 2021; Sabagh et al., 2022) is the 

experiential face of the convex dysfunction cost; precarious early-career structures (Tian & Lu, 2017; 

O’Brady & Cooper, 2025) imply a lower effective threshold; and faculty’s strategic responses to 

managerial metrics (Wang et al., 2024) qualify the representative-agent drift. Placing this labour-process 

literature inside the parameters is what makes the model an account of academic work. 

For research-intensive STEM universities, cap quantitative metrics at 50–60% of promotion weight (40–

50% qualitative); for humanities and social sciences, 40–50% metrics with 50–60% qualitative; for 

teaching-focused institutions, 30–40% with peer evaluation of teaching prioritised. Each option carries 

costs—peer review demands reviewer time (Miller, 2019)—and implementation should proceed from 



procedural justice toward peer review. Early-warning indicators (rising publications without forward 

citations, declining motivation surveys) let institutions detect approach toward ݇0(ݓ) before dysfunction 

entrenches. 

The percentages above are illustrative benchmarks, not empirically estimated norms. Consistent with 

Section 3.5, the model predicts only that the sustainable threshold is systematically higher where outputs 

are readily quantifiable (research-intensive STEM) and lower where they are not (humanities, teaching-

focused institutions); the exact cut-offs should be estimated through Proposition 6 rather than adopted as 

standing targets. The same logic travels across national systems: because the thresholds and levers are 

parameters rather than constants, one diagnostic framework applies to every research-assessment 

regime. 

5.3 China’s “Break Five Onlys” reform as an illustrative case 

China’s 2020 Break Five Onlys reform is best read not as a critical test—the study offers no primary 

data—but as an illustrative case surfacing the model’s boundary conditions, especially the institutional 

capacity required for qualitative judgment to raise the threshold. The same logic applies to the regimes 

in Section 2.3: systems with resourced peer review sustain higher intensity, whereas formally cutting 

metric weight without building review capacity yields only symbolic change. China’s uneven 

implementation—elite universities with deeper review capacity moved furthest, while local institutions 

retained metrics de facto (Meng & Zhang, 2021; Chen, 2021; Zhang & Wang, 2025)—is consistent with 

that prediction. 

Read through the model, the reform corresponds to decreasing ݇ while increasing ݓ: a higher ݇0(ݓ), a 

larger (ݓ)ܣ , and reduced goal displacement. Implementation gaps show why this does not follow 

automatically: raising ݓ  requires capacity—trained reviewers, time, transparent procedures—and 

lowering ݇ without raising ݓ merely shifts the problem. Two mechanisms explain the gap: symbolic 

adoption (keeping indicators as de facto screens; Chen, 2021) and information asymmetry under central 

goals (Meng & Zhang, 2021). Where ݓ is backed by capacity, ݇0(ݓ) rises; otherwise reform remains 

symbolic. 

5.4 The contested definition of U and the normative question 

The definition of ܷ  as “true long-term organisational value creation” is contested, which limits 

prescriptive force. If ܷ is defined narrowly as research output, the model predicts an inverted-U with a 

higher ݇0 ; defined broadly as student development and social service, the threshold is lower. The 



qualitative prediction—that excessive metric intensity undermines whatever ܷ the organisation values—

is robust, but the quantitative prescription depends on whose ܷ  is optimised. Evaluation systems 

distribute recognition and resources, so their design should involve faculty in deliberation rather than 

managerial optimisation alone. Because ܷ  is organisation-specific, no universal ݇∗∗  exists across 

institutions with different missions. 

Global rankings (ARWU, QS, THE) are an exogenous pressure outside organisational control, 

weighting publications and citations and pushing ݇ upward regardless of internal preferences. In model 

terms they are an additive shock to ݇ : ݇௢௕௦௘௥௩௘ௗ  =  ݇௜௡௧௘௥௡௔௟  + ߩ  · ݁ݎݑݏݏ݁ݎܴܲ݃݊݅݇݊ܽ , where ߩ 

captures ranking sensitivity. When this forces ݇௢௕௦௘௥௩௘ௗ  above ݇0(ݓ) , the institution enters the 

dysfunctional regime even if its internal ݇௜௡௧௘௥௡௔௟  would have been optimal—ranking-driven 

intensification (Espeland & Sauder, 2007). Reducing ݇  will not succeed in isolation unless ranking 

pressure is also addressed through league-table reform or national coordination; institutions cannot 

unilaterally lower ݇ because ranking competition penalises those that do. 

6. Limitations and future research 

Several limitations bound the model’s scope. First, homogeneous faculty abstract from disciplinary, 

career-stage, and gender heterogeneity. The parameters ߙ, ,ߚ ܽ݊݀ ݇00 likely vary systematically: early-

career researchers may have lower ݇00, STEM fields higher ݇00 because outputs are more quantifiable, 

and female faculty lower thresholds owing to evaluation bias; future work should extend to a 

heterogeneous-agent framework. Second, ݇ is treated as exogenous, yet universities choose evaluation 

intensity endogenously as a function of their characteristics, resources, and ranking pressure. This 

endogeneity complicates causal estimation, and remedies include instrumental variables and the policy-

exploiting quasi-experimental designs of Proposition 2. 

Third, the model omits ranking-induced competition, which can push universities above their own ݇0(ݓ) regardless of internal efficiency; if it forces ݇ above ݇∗∗, the system can become trapped in a 

suboptimal equilibrium. Fourth, normalised parameters require calibration; the reported values (݇∗∗  ≈ 0.61, ݇௕௘  ≈  1.30) are illustrative. Fifth, the reduced-form (ݐ)ܯ  =  1 −  is a structural identity (ݐ)ܸ 

needing independent measurement of true value and metric scores, and the homogeneous-faculty 

assumption abstracts from departmental politics and power asymmetry. Future work should estimate ݇0 

from panel data and test the six propositions. 



Three further points frame how the model should be read. It is deliberately theory-first: the contribution 

is a falsifiable apparatus whose six propositions (Section 4) state what empirical work must estimate 

rather than a verdict on any one system. Formalising Goodhart’s and Campbell’s Laws structures long-

standing qualitative insight; it does not replace qualitative evidence of how evaluation is experienced on 

the ground, and is best read alongside the ethnographic reactivity literature (Espeland & Sauder, 2007). 

Finally, the absolute location of k0 is illustrative—parameters are normalised and uncalibrated, so no 

institution should read 0.5 as a target. What transfers is the directional diagnosis: safe intensity rises with 

resourced peer review and procedural fairness, not a universal numeric cut-off. 

7. Conclusion 

This paper develops a formal threshold model of performance evaluation in higher education, grounded 

in Goodhart’s Law and standard concave-utility assumptions. Its central move is to turn Goodhart from 

metaphor into a falsifiable, parameterised proposition with an explicit threshold mechanism. Three 

formulations establish that the inverted-U emerges under standard preferences, qualitative judgment acts 

through three testable sub-dimensional levers, and above-threshold regimes produce progressive 

divergence between metric scores and true value. 

The choice of ݇ and ݓ reflects political judgments about what universities should value. Increasing 

qualitative judgment ݓ is the primary lever for expanding safe quantitative intensity, but only when 

qualitative systems are sufficiently resourced and procedurally fair. The model thus supports a middle 

path in which quantitative metrics are one component of a broader evaluative framework anchored in 

professional judgment. Qualitative predictions (inverted-U, threshold, drift direction) are robust to 

functional-form and parameter variation; quantitative ones require calibration (Section 3.5). 

For higher-education research, the payoff is a reframing of the central debate: rather than asking whether 

metrics are broadly good or bad, the model asks under what combination of intensity, review capacity, 

and procedural fairness measurement begins to undermine its own goals. The six falsifiable, identifiable 

propositions invite the field to move past rhetorical condemnation or uncritical adoption toward 

measured, design-aware evaluation policy 

This is a diagnostic rather than a mathematical exercise: it turns whether evaluation is “too much” from 

a positional dispute into a measurable institutional-design problem—where a sustainable threshold lies 

and whether measured intensity is about to outrun it. The increment is located precisely within the 

higher-evaluation literature: Goodhart and Campbell are otherwise interpretive metaphor, Espeland and 

Sauder’s reactivity is powerful but yields no comparative statics, and the quantitative–qualitative debate 



has treated qualitative judgment as one lever rather than the three testable sub-dimensions separated 

here. Because the threshold is a function of institutional design, one template diagnoses China’s Break 

Five Onlys, the UK REF, Italy’s ANVUR, and US performance-based funding ; the empirical agenda 

follows from the six propositions. 
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