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Abstract

This paper presents a replication and calibration of the U.S. News & World Report (USNWR)
ranking system for National Universities. We first compute a weighted composite score aligned
with USNWR’s documented criteria, then compare three different calibration strategies – a
smoothing spline approach, Principal Component Regression (PCR), and Elastic Net regression.
We benchmark each method against official overall scores using correlation and residual analysis.
Our case study on DePaul University illustrates how the methodology can be used to understand
rank influences for mid-tier institutions.

1 Introduction

U.S. News & World Report’s (USNWR) rankings have long guided prospective students and institu-

tional decision-makers, yet the underlying formula is only partially transparent. Past researchers

(1; 2) have demonstrated that USNWR’s tier lists can be closely reproduced by combining known

metrics with a weighted-sum model. In practice, however, certain nuances—such as data adjustments,

rank-based metrics, and potential nonlinearities—can yield discrepancies for individual universities.

In this work, we replicate and evaluate USNWR overall scores for National Universities using

a two-stage procedure: (1) a weighted composite simulated score closely following USNWR’s

published weightings, and (2) a smoothing spline calibration that captures potential nonlinear

transformations. We compare the spline calibration to two regression-based alternatives, Principal

Component Regression (PCR) and Elastic Net, to see which best matches the official overall scores.

1.1 Background

Although USNWR publishes a general description of how they rank institutions, there are nuances

that often go unacknowledged. Previous analyses of non-reporting schools, most notably Reed

College, have shown that data imputation or incomplete survey responses can skew results. Moreover,
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(3) observe that the U.S. News’ weight-and-sum methodology sometimes fails to account for deeper

factors behind financial resources or faculty credentials, calling into question the precision of

published ranks. Other researchers (1) and external sources like IPEDS also note that exact

data alignment is not always perfect, leading to measurement error. Despite these issues, the

USNWR rankings hold outsized influence over prospective students and university stakeholders,

which motivates attempts to replicate the published outcomes as closely as possible.

1.2 USNWR Ranking Methodology

USNWR’s methodology, based on a weighted combination of metrics like graduation rates, faculty

resources, and student selectivity, has shifted from input exclusivity (e.g., acceptance rates) to

outcome-driven factors like Pell Grant graduation rates (4; 5; 6; 7). However, strong correlations

among metrics can cause distortions and double-counting, inflating some ranks while disadvantaging

others (2). Small score differences can significantly alter rankings, and the lack of confidence intervals

misrepresents fluctuations (4). Non-reporting institutions face penalties through artificially low

imputed values, reinforcing ranking biases (3).

1.3 Implications of Evolving Weights

Over time, USNWR has modified its formula to incorporate new indicators (e.g., Pell graduation

rates, first-generation student outcomes) and reduce or remove older ones (e.g., acceptance rate).

While these adjustments may reflect legitimate shifts in what USNWR deems important, they also

limit cross-year comparisons. Some research warns that a jump in rank might stem from an altered

weight scheme rather than an actual improvement in institutional quality (5). Here, we focus on a

single-year snapshot to avoid conflating genuine changes with methodological disruptions.

1.4 Critiques and Rationale for Replication

Despite these controversies, the annual USNWR ranking remains highly influential. Many prospective

students and stakeholders look to it for guidance, and universities often adapt strategies to improve

their scores. By reverse engineering and replicating the USNWR score, researchers can better

understand how specific metrics drive the ranking (6; 1). Institutions can also take advantage of

these methods to see which factors most strongly affect their overall standing. Our approach follows
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this tradition of demystifying USNWR’s published results and illustrating how the formula, with

potential nonlinear transformation, can be recast into a more transparent predictive model.

2 Approach, Methods, and Data

This research aims to replicate and evaluate the U.S. News & World Report (USNWR) scores

for universities using a two-step approach: first, to calculate a weighted simulated score for each

institution, and second, to calibrate the scores to the official values using a smoothing spline.

We benchmark this spline calibration against two alternative regression-based methods (Principal

Component Regression and Elastic Net), assessing their accuracy using correlation and residual

analysis.

2.1 Data Extraction and Cleaning

We compiled data from USNWR for 436 National Universities. Only 416 institutions had sufficient

data; 2 with missing values across all metrics were dropped, resulting in a final sample of 414

universities. We excluded those lacking overall scores and used mean imputation for any remaining

metric-level gaps. Thus, our final data set comprises the official USNWR overall scores (as the

response variable) and the corresponding metrics for each institution.

2.2 US News’ Official Metrics Weights

The weighting scheme in Table 1 closely follows USNWR’s documented classification methodology.

These weights were used in the computation of simulated overall scores, ensuring that our method

aligns with real-world university ranking procedures. Notably, many of these items can overlap

or correlate heavily (e.g., Pell graduation rate correlating with overall graduation rate), which

introduces multicollinearity concerns (2; 1).
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Figure 1: Correlation heatmap of key metrics.

Context:Another problem with the USNWR model is that many of its variables are highly correlated with
each other. This severe multicollinearity is immediately apparent in the heatmap, where the intensity of color

indicates a high degree of correlation among key metrics. Such multicollinearity poses challenges for
straightforward linear regression approaches, since even minor changes in one correlated variable can

substantially shift the estimated effects of other variables. In addition, the USNWR weight-and-sum system
does not provide a formal measure of uncertainty. Consequently, we employ more flexible methods (such as
spline calibration) to capture potential nonlinearities and to facilitate meaningful uncertainty analysis, rather

than simply replicating the USNWR formula.
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Indicator Weight (%)
Average 6-year graduation rate 16
Average first-year student retention rate 5
6-year graduation rate of students who received a Pell Grant 5.5
6-year graduation rate of students who did not receive a Pell Grant 5.5
Overperformance (+) / Underperformance (-) 10
Median federal loan debt for grad borrowers 5
College grads earning more than a HS grad 5
Peer assessment score (out of 5) 20
Faculty salaries rank 6
Percent of faculty who are full-time 2
Student-Faculty Ratio 3
Financial resources rank 8
SAT/ACT 25th–75th percentile 5
Faculty research rank 4

Table 1: US News’ Official Weighted Metrics - 2025
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2.3 Handling Rank-Based Metrics and Standardization

Some metrics provided by USNWR are rankings (e.g., faculty salaries rank, financial resources

rank and faculty research rank), where a lower value indicates better performance. To align these

with direct performance metrics (e.g., graduation rate, retention rate), we apply the following

transformation to invert rank-based metrics:

xinv
ij = max(xj) + 1 − xij , (1)

where xij is the original rank for institution i on metric j, and xinv
ij ensures that a better rank

corresponds to a higher value.

Next, all metrics are standardized using z-score normalization:

zij =
x∗

ij − µj

σj
, (2)

where x∗
ij is either the original value xij (for direct metrics) or the inverted value xinv

ij (for

rank-based metrics), µj is the mean of metric j, and σj is its standard deviation.

2.4 Computation of the Simulated Overall Score

To approximate the official USNWR scoring methodology, we construct a weighted composite

score Ssim,i for each university i:

Ssim,i =
p∑

j=1
wj zij , (3)

where wj represents the weight assigned to metric j, as inferred from public documentation of

USNWR methodology.

To facilitate comparison with USNWR’s overall scores, we min-max scale Ssim,i onto a 0–100

scale:

Sraw,i = 100 × Ssim,i − min(Ssim)
max(Ssim) − min(Ssim) , (4)

which ensures that our simulated scores share the same dynamic range as the official scores.
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Although this approach follows USNWR’s published guidelines, it may not capture additional

unpublished transformations that could warp the way raw composites are mapped to final scores

(3; 4).

2.5 Why Spline Calibration?

Our initial analysis revealed a nonlinear relationship between the computed weighted composite

scores (Sraw,i) and the official USNWR overall scores. A simple linear transformation (e.g., regression-

based scaling) would fail to accurately capture this complexity, prompting us to adopt a smoothing

spline calibration approach.

A spline calibration function is defined as:

N∑
i=1

(
yi − s(xi)

)2 + λ

∫ (
s′′(t)

)2
dt. (5)

The first term minimizes squared error, ensuring closeness between our predicted and actual rankings.

The second term penalizes excessive curvature in the function to prevent overfitting, where λ controls

the smoothness.

The advantage of spline calibration over linear regression is its ability to model threshold

effects and diminishing returns. USNWR rankings exhibit compression at the top—elite

institutions have very similar composite scores but very different ranks, while lower-tier schools

show wider variance in scores for smaller rank differences. A simple linear rescaling cannot capture

these patterns, whereas splines flexibly accommodate such variations.

2.6 Comparing Spline Calibration with PCR and Elastic Net

While PCR and Elastic Net address multicollinearity, they do not account for nonlinearities in the

final ranking transformation. By contrast:

• PCR reduces dimensionality but retains a linear mapping to outcomes.

• Elastic Net selects the most predictive features but assumes a linear combination of inputs.

• Spline Calibration allows flexible, data-driven transformation of the computed score, cor-

recting systematic distortions in rank assignment.
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3 Results and Discussion

In this section, we present the major outcomes of our replication, focusing on how closely each

calibration strategy aligns with USNWR’s published scores. We also highlight potential discrepancies,

similar to those observed by Reed College, emphasizing that any differences could arise from

unreported adjustments or data inconsistencies.

3.1 Overall Alignment with USNWR Scores

Across the dataset, spline calibration best matched the official USNWR scores, often exhibiting

near-perfect correlation in sample. PCR and Elastic Net, while still performing well, showed slightly

higher residual variances. This outcome supports our initial intuition that USNWR might be

applying some form of nonlinear transformation that a smoothing spline can capture more effectively

(8; 7).

3.2 Illustrative Example and Residual Patterns

To further assess model performance, we plot histograms of residuals for each method (Figure 2,

Figure 3, Figure 4). Finally, in Figure 5, we show a side-by-side scatter of predicted scores (Spline,

PCR, Elastic Net) for each institution, sorted by the official score. These visualizations allow quick

comparisons among the three approaches.
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Figure 2: Spline calibration: official vs. predicted scores.

Figure 3: PCR: official vs. predicted scores.
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Figure 4: Elastic Net: official vs. predicted scores.

Figure 5: Side-by-side comparison of predicted scores by institution.
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4 Conclusion

Our replication of USNWR’s National University ranking confirms that a weighted composite index

aligns with official documented weights, while spline calibration best captures hidden nonlinear

scaling. PCR and Elastic Net perform well but fall short in certain score ranges where nonlinearity

is evident. This methodology offers a practical “reverse-engineering” tool. Future research can refine

rank adjustments over multiple years and improve handling of imputed data.
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