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Clinical Question Box
How can we conduct a trend test when the requirements for the Cochran–Armitage test for trend,
the Jonckheere–Terpstra test, and Cuzick’s test are unmet?

The inverse variance weighted least squares simple regression model works as the generalized
Cochran–Armitage test for trend. We assume that k-ordered groups have interval-scaled depen-
dent variables y, where the distances between values are consistent, along with their associated
variance v. The groups are assigned group score x, typically ranging from 1 to k, though not
necessarily. The weight w is defined as the inverse of the variance v for each group.

Abstract

Trend tests such as the Cochran–Armitage test for trend, the Jonckheere–Terpstra test, and Cuzick’s
test require specific data formats, limiting their applicability. This article shows that the inverse
variance weighted least squares simple regression model works as the generalized Cochran–Armitage
test for trend, which is useful when the requirements for the Cochran–Armitage test for trend, the
Jonckheere–Terpstra test, and Cuzick’s test are not met. We propose naming this test the ‘inverse
variance trend test’ or the ‘generalized Cochran–Armitage test’ for clarity. We assume that k-ordered
groups have interval-scaled dependent variables y, where the distances between values are consistent,
along with their associated variance v. The groups are assigned group score x, typically ranging from
1 to k, though not necessarily. The weight w is defined as the inverse of the variance v for each
group. It is assumed that the error terms in the regression analysis follow a normal distribution,
and the sample size should be sufficiently large for the central limit theorem to apply. Z2 =[∑

i wi
(
yi − yavg

) (
xi − xavg

)]2
/
[∑

i wi
(
xi − xavg

)2
]

∼ χ2 (df = 1). The null hypothesis is that is

independent from x, or the slope = 0. We demonstrate the broad applicability of this test across various
datasets by applying it to five medical case examples.
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Introduction

A trend test is a statistical method used to evaluate whether data across different groups follow a certain
trend. One of the most well-known trend tests is the Cochran–Armitage test for trend, commonly
referred to as the χ2 test for trend, which is applied to 2 × k contingency tables when the k groups
have an ordinal relationship.1–3 Others are the Jonckheere–Terpstra and Cuzick’s tests, which are
applied to non-parametric individual data with an ordinal structure.4–6 These trend tests can be applied
to various types of ordered data, such as time since drug administration, drug dosage, patient age
groups, genotypes, and disease severity levels. In sociological and psychological studies, variables such
as income, educational attainment, and developmental level can also be treated as ordinal variables
across groups. Although these trend tests are powerful tools, their need for specific data formats limits
their applicability. Many researchers have sought a more versatile trend test that can be applied more
broadly.

A related issue concerning data types has been discussed in the context of meta-analysis. Conven-
tional meta-analyses using the Peto and Mantel–Haenszel methods combine risk ratios, odds ratios,
and risk differences, all of which require 2 × 2 contingency tables.7–9 In meta-analyses, detailed raw
data from published studies are often unavailable, even though summary estimates of key statistics,
such as odds ratios and their 95% confidence intervals, are easily accessible. The inverse variance
method, which applies inverse variance weighting, enables data integration without requiring detailed
raw data. Moreover, the inverse variance method can handle data formats that the Peto and Mantel–
Haenszel methods cannot, such as adjusted odds ratios from multivariate analyses and hazard ratios.
The incorporation of inverse variance weighting has greatly expanded the scope of meta-analysis and
significantly accelerated research across almost all areas of clinical medicine.10–12

This article demonstrates that the inverse variance weighted least squares simple regression model
generalizes the Cochran–Armitage test for trend, although this concept has not been widely recog-
nized. This method allows for trend testing within ordered groups even without access to detailed
individual data, as long as summary statistics or effect measures, along with variance, are available. For
clarity, we propose naming this test as the ‘Inverse Variance Trend Test’ or the ‘Generalized Cochran–
Armitage Test.’ Following the theoretical explanation, we demonstrate the wide applicability of this
test across a variety of datasets by applying it to five medical case examples.

Methods

Definition of the Inverse Variance Trend Test
We assume that k-ordered groups have continuous dependent variables y, where the intervals between
values are consistent. Each yi has the estimated variance vi (Table 1). The groups are assigned a group
score x. As in the Cochran–Armitage test, it is standard to assign natural numbers x starting from 1
to the groups, but in cases of ties, the average value is assigned. If clear numerical values exist for each
group, such as drug dosages, these can be used for the group scores. In inverse variance weighting, the
weight (w) of each group is defined by the inverse of the estimated variance of y, wi = 1

vi
.10–12 It is

Table 1. PDE-3A genotypes and risk of pulmonary hypertension, 2 × 3 contingency table with
ordered groups

Genotype Group score (x) Case Control Case probability (y)

GG 1 17 164 0.094
GA 2 22 107 0.171
AA 3 6 21 0.222

Note: Note that the binomial variance estimated from sample data is given as follows: v = p(1−p)
n . Cochran–

Armitage test for trend, weighted by sample size: Z2
CA_samplesize = 5.74, P = 0.017. Inverse variance trend test: Z2

ivtt
= 5.34, P = 0.021.
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assumed that the error terms in the regression analysis follow a normal distribution, and the sample
size should be sufficiently large for the central limit theorem to apply. The data format for the trend
test is shown in Table S1.

In weighted least squares univariate regression analysis, the slope (β̂) and its standard error (SE(β̂))
are given as follows (Fig. S1)13–15:

β̂ =
∑k

i=1 wi(yi − y) (xi − x)∑k
i=1 wi(xi − x)2

,

(
SE

(
β̂
))

= 1
√ ∑k

i=1 wi (xi − x)2

Here, we define the Z score for the inverse variance trend test (Zivtt) as follows:

Zivtt = β̂

SE(β)
=

∑k
i=1 wi(yi − y) (xi − x)

√ ∑k
i=1 wi(xi − x)2

∼ N(0, 1)

Z2
ivtt = [

∑k
i=1 wi(yi − y) (xi − x)]2∑k

i=1 wi(xi − x)2
=

[
∑k

i=1
1
vi

(yi − y) (xi − x)]2∑k
i=1

1
vi

(xi − x)2
∼ χ2(df = 1)

The null hypothesis is that is independent from x, or β̂ = 0.
As we adopted inverse variance weighting, the averages, x and y, are calculated as follows:

x =
∑k

i=1 wixi∑k
i=1 wi

=
∑k

i=1
1
vi

xi∑k
i=1

1
vi

y =
∑k

i=1 wiyi∑k
i=1 wi

=
∑k

i=1
1
vi

yi∑k
i=1

1
vi

We can interpret y as the pooled value from a fixed-effect model meta-analysis (Fig. 1). Similarly, x
can be recognized as the pooled value from a fixed-effect model meta-analysis weighted by the inverse
variance of y (Fig. S1).

In general, fixed-effect model meta-analysis requires the absence of heterogeneity among groups.
However, the goal here is not to obtain a pooled value but to demonstrate that the result of the
calculation coincides with that of a fixed-effect model meta-analysis. Therefore, heterogeneity among
the groups is not a concern.

Generalization from Cochran–Armitage test for trend
The following Z score represents one of the standard formulas for the Cochran–Armitage test for
trend, weighted by sample size (ZCA_samplesize).16,17

Z2
CA_samplesize = [

∑k
i=1 ni(pi − p) (xi − x)]2

p(1 − p)
∑k

i=1 ni(xi − x)2
.

By dividing both the numerator and the denominator of this equation by p (1 − p) twice, we obtain
the following equation:

Z2
CA_samplesize =

[
∑k

i=1
ni

p(1 − p)
(pi − p) (xi − x)]2

∑k
i=1

ni

p(1 − p)
(xi − x)2

.

Considering that the variance of a proportion is generally given by p(1−p)
n and w = n

p(1−p)
, once we

assume pi ≈ p, Z2
CA_samplesize can be rewritten as:
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The Cochran–Armitage test can be defined by the following formula:

Z2
CA_samplesize ≈

[∑k
i=1

ni

pi (1 − pi)
(pi − p) (xi − x)

]2

∑k
i=1

ni

pi (1 − pi)
(xi − x)2

=
[∑k

i=1 wi (pi − p) (xi − x)
]2

∑k
i=1 wi (xi − x)2

.

There have been variations in the weighting per group in the Cochran–Armitage test from its
conception. While weighting based on only event counts (e.g., success or failure) was historically
preferred,1–3 observation counts (e.g., the sum of successes and failures) have been more commonly
used in recent years.16,17 Besides, weighting by inverse variance can also be justified.10–12 In this
context, the Z score for the Cochran–Armitage test for trend with inverse variance weighting (ZCA_ivw)
is directly derived:

Z2
CA_ivw =

[∑k
i=1 wi (pi − p) (xi − x)

]2

∑k
i=1 wi (xi − x)2

=

[∑k
i=1

1
vi

(pi − p) (xi − x)

]2

∑k
i=1

1
vi

(xi − x)2
∼ χ2 (df = 1) .

By replacing the proportion p with the continuous variable y, this formula becomes identical to
Z2

ivtt. Therefore, the test for the slope of weighted least squares univariate regression analysis can be
considered generalized to the Cochran–Armitage test.

Examples
The five examples were selected for educational purposes to help readers understand the inverse
variance trend test and apply it to real data.

Example 1
Table 1 summarizes a case–control study investigating whether the PDE-3A (rs10770682) genotype is
associated with the risk of persistent pulmonary hypertension in newborns.18 At the rs10770682 locus,
G is the major allele and A is the minor allele. The possible genotypic combinations—GG, GA, and
AA—therefore form an ordered sequence (Table 1). As is conventional, group scores were assigned
as 1, 2, and 3. Alternatively, the number of minor alleles (0, 1, and 2) could be used without affecting
the test results. The result from the inverse variance trend test suggested significance (Z2

ivtt = 5.34, P
= 0.021). This result closely approximates that obtained from the traditional Cochran–Armitage test
for trend, weighted by sample size (Z2

CA_samplesize = 5.74, P = 0.017).

Example 2
In a multicenter trial, 796 patients with metastatic castration-resistant prostate cancer were random-
ized into olaparib and placebo arms.19 After two patients were removed for various reasons, 794
were evaluated for adverse events. Patients with and without grade 3 or higher adverse events are
summarized in Table 2.

Although a trend test is usually not applied to a 2 × 2 contingency table, applying it here can help
in understanding relevant tests (Table S2). The Cochran–Armitage test for trend weighted by sample
size, which is also referred to as χ2 test for trend leads to the same result as the regular χ2 test for a 2 ×
2 contingency table (χ2 = Z2

CA_samplesize = 12.60). Similarly, inverse variance trend test and Q test for

heterogeneity yield the same results (Z2
ivtt = Q = 12.80). In the comparison between the two groups,

the Q statistic and Z2
ivtt are calculated based on the same formula, and both evaluate the difference in

group means adjusted by the inverse variance-weighted standard error. Therefore, these two tests can
be considered equivalent.

Example 3
Patients with intermediate-risk prostate cancer enrolled in a randomized trial. Out of 420 patients, we
extracted data from 205 patients who were treated with combined radiotherapy and total androgen
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Table 2. Olaparib as a risk factor of grade 3 or higher adverse event, 2 × 2 contingency table

Grade 3 or higher adverse event

Treatment arm Group score (x) (+) (−) Probability (y)

Olaparib 1 222 176 0.558
Placebo 2 171 225 0.432

Note: Note that the estimated variance for the odds ratio based on the sample is given as follows: v = 1
cell1

+ 1
cell2

+
1

cell3
+ 1

cell4
, where cella indicates a cell in 2 × 2 contingency. Cochran–Armitage test for trend (χ2 test for trend):

Z2
CA_samplesize = 12.60, P = 4 × 10−4. χ2 test: χ2 = 12.60, P = 4 × 10−4. Inverse variance trend test: Z2

ivtt = 12.80,

P = 3 × 10−4. Q test for heterogeneity:Q = 12.80, P = 3 × 10−4.

suppression therapy.20 The Expanded Prostate Cancer Index Composite scoring system was used for
quality-of-life assessment, as shown in Table 3. Although the inverse variance trend test can directly
adopt the follow-up duration of 0 to 60 months as the explanatory variable x, some may hesitate to
do so because 60 months might appear as an outlier compared to 0, 6, and 12 months. In such a case,
the Jonckheere–Terpstra test for trend is a traditional choice, treating the Expanded Prostate Cancer
Index Composite score as non-parametric. However, the individual data were consolidated during
aggregation into mean, standard deviation (SD), and patient numbers (N), as shown in Table S2. If
desired, 0, 6, 12, and 60 can be adoptable for group scores for the inverse variance trend test. However,
the group’s scores from 1 to 4 were assigned. The results of the test indicate that the improvement in
the scores over time is unlikely to be due to chance (Z2

ivtt = 80.10, P ≈ 0).

Table 3. Expanded prostate cancer index composite score for urinary symptom change from the
baseline, mean values for ordered groups

Timing Group score (x) Mean change (y) SD N

End of radiotherapy (0 months) 1 −13.8 15.4 185
6 months after radiotherapy 2 −3.6 15.3 179
12 months after radiotherapy 3 −1.6 15.3 171
60 months after radiotherapy 4 0.3 12.3 145

Note: The negative change in score indicates worse urinary symptoms. Note that, the estimated variance of the
mean based on sample data is given as follows: v = SD2

N . Inverse variance trend test: Z2
ivtt = 80.10, P ≈ 0.

Example 4
A pooled analysis of data from 15 case–control studies examined the association between the type of
alcoholic beverage and the risk of head and neck cancer.21 In the ‘Total’ row of Table 4, it is evident
that liquor-only drinkers have a higher risk of head and neck cancer compared to wine-only drinkers,
with an odds ratio of 2.28. The same trend is observed when stratifying by the number of drinks per
week. Among subjects who drink five or fewer drinks per week, liquor-only drinkers have a higher
cancer risk than the corresponding wine-only drinkers, with an odds ratio of 1.73. In the subgroup of
those who drink 31 or more drinks per week, the odds ratio increases to 3.01. Our primary interest
lies in whether the odds ratio between liquor-only and wine-only drinkers changes as weekly alcohol
consumption increases. This could be interpreted as an interaction between the type of alcohol and
the cancer risk, with alcohol consumption acting as a potential effect modifier. However, the inverse
variance trend test did not indicate a statistically significant interaction (Z2

ivtt = 1.91, P = 0.056).

Example 5
A phase 3 trial randomized 397 patients with early-stage non-small-cell lung cancer to receive either
pembrolizumab or placebo, with the primary endpoint being the hazard ratio for event-free survival.22
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Table 4. Alcohol consumption and risk of head and neck cancer, odds ratios for ordered groups

Drinks
per
week

Group
score
(x)

Liquor-only
drinkers

Wine-only drinkers Odds ratio
(95% CI)

Log odds
ratio (y)

Case Control Case Control

1–5 1 37 70 40 131 1.73
(1.02–2.95)

0.549

6–15 2 42 66 46 183 2.53
(1.53–4.19)

0.929

16–30 3 233 255 519 1237 2.18
(1.77–2.67)

0.778

31– 4 184 134 410 898 3.01
(2.34–3.87)

1.101

Total 496 525 1015 2449 2.28
(1.98–2.63)

0.824

Note: Note that the estimated variance for the odds ratio based on the sample is given as follows: v = 1
cell1

+
1

cell2
+ 1

cell3
+ 1

cell4
, where cella indicates a cell in a 2 × 2 contingency table. Note that y = log (odds ratio) and v =

log (95% CI upper limit/95%CI lower limit)
2 · 1.96 . Inverse variance trend test: Z2

ivtt = 1.91, P = 0.056.

This medication is generally more effective for patients with higher PD-L1 expression levels, and visual
inspection of Fig. 1 suggests that this trend may also apply in this study. It is customary to use 1%
and 50% as cut-off values for PD-L1. These distinctive cut-offs make us hesitant to use the PD-L1
expression rate itself as an explanatory variable, prompting us to treat the three groups as an ordinal
variable instead. The significance observed in the inverse variance trend test (Z2

ivtt = 5.25, P = 0.022,
Fig. 1) supports this trend.

Figure 1. PD-L1 expression level and hazard ratio for event-free survival, hazard ratios for
ordered groups. Error bars indicate 95% confidence interval (95% CI). Note that y = log (hazard
ratio) and v = log (95% CI upper · limit/95%CI lower limit) . Inverse variance trend test: Z2ivtt
= 5.25, P = 2 1.96 0.022.

Discussion

We have developed the inverse variance trend test integrating least squares simple regression analysis
and inverse variance weighting to provide a versatile trend testing approach applicable in various
scenarios. This test works as a generalized version of the Cochran–Armitage test for trends. It also
yields consistent results with the Cochrane Q test for meta-analysis when there are only two groups.
The concept of trend testing began in the early 20th century, particularly in biology and medical
research, to analyze ordered categorical data, such as genotype and medication dosage. William
Cochran and Peter Armitage developed the trend test in the 1950s for ordered 2 × k contingency tables,
which is later referred to as the Cochran–Armitage test for trend.1–3 Jonckheere–Terpstra test and
Cuzick’s test are other trend tests for ordinal data. With the advancement and widespread adoption
of statistical software during the 1980s and 1990s, these tests for trends became widely used. Recently,
these tests have played a crucial role in evidence-based medical research. They uncover patterns and
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trends in data, yielding vital scientific insights. However, the Cochran–Armitage test could not be
applied to data format other than 2 × k contingency tables. Similarly, the Jonckheere–Terpstra and
Cuzick’s tests are only applicable when individual values are available.

Inverse variance weighting, a prevalent method in statistics, particularly in meta-analysis, operates
on the principle that the smaller the variance of a dataset, the greater its weight in the analysis.10–12 In
contrast, studies with larger variances, indicating higher uncertainty, have less impact on the overall
outcomes in meta-analyses. Inverse variance weighting can be applied across a variety of statistical
values, such as probability, mean difference, odds ratio, and hazard ratio, making it a highly adaptable
statistical method. The proposed inverse variance trend test stems from the Cochran–Armitage test
but has significantly broader applicability. The development of this flexible trend test is expected to
enhance the quality of research and foster new scientific discoveries.

Our proposed inverse variance trend test utilizes a simple regression model, but it may be possible
to apply a similar approach in a multiple regression framework.23–25 Expanding the current model to
include multiple independent variables would allow for trend analysis while adjusting for the effects
of other factors and covariates. Although this falls beyond the scope of our present manuscript, we
hope future researchers will establish a trend test within a multiple regression model.

One limitation of the inverse variance trend test is its inapplicability in cases where neither variance,
standard deviations, standard errors, nor 95% confidence intervals are available. Additionally, the
applicability of the inverse variance trend test may be limited due to the normality requirement for
the dependent variable y. For example, if the dependent variable is a strongly skewed serum C-reactive
protein level, the inverse variance trend test may not be applicable. However, similar to many statistical
methods that assume normality, it is often possible to obtain acceptable normality by log-transforming
the dependent variable. Another limitation is the lack of robustness when the sample size is small or
data are skewed. Furthermore, the inverse variance trend test requires interval-scale data and is not
applicable to ordinal data. When individual ordinal data are provided, Cuzick’s test should be used
instead. We hope the Excel file in the Supplementary Material will support readers in their analyses
(Supplementary Excel file).

Conclusion

We demonstrated that the inverse variance weighted least squares simple regression model, functioning
as the generalized Cochran–Armitage test for trend, is a highly versatile trend testing tool. When both
the Cochran–Armitage and newly proposed tests can be applied, their test results are nearly identical.
Additionally, the newly proposed test offers a significant advantage in enabling trend testing even when
individual data are unavailable. This trend test is expected to enhance research in medicine and other
fields.
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