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1	Overview
IASBLUP is a native R package for genetic evaluation: variance component estimation (REML), BLUP/EBV breeding-value prediction, relationship matrix construction, and kinship-matrix-based analyses. Everything runs inside R through the package’s Rcpp core — no external command-line program is required.
This guide is the single entry-point document for the R package. Detailed documentation for each function is available via help() (e.g. ?reml, ?reml_mme, ?bivar); the command-line user manual (IASBLUP_v1.3.2_用户说明书.docx) covers the CLI, not the R interface.
Installation
install.packages("IASBLUP_1.3.2.9000.tar.gz", repos = NULL, type = "source")
Conventions used in this guide
· Every code chunk is actually executed when this guide is built; chunks that are not executed are marked eval = FALSE, with the reason given in the text.
· All examples run on the package’s built-in chicken data set (see the next section) or small subsets of it; subsets are used only to keep the build time down.
· Each function family is shown under its canonical name (reml(), predict_ebv(), etc.); every family also has a long name (iasblup_*, kept for backward compatibility) plus low-level (*_cpp, *_df_cpp) and formula (*_formula) variants that behave identically. Each family is mentioned once in the text.
2	Quick start
The package ships with a small chicken data set: a pedigree of 2,256 individuals, 1,170 phenotypic records, and 941 genotyped individuals (46,233 markers). Below we estimate variance components for 8-week body weight under three classic breeding-evaluation scenarios; each scenario takes only a few seconds on this data set.
Scenario 1 — Pedigree BLUP (sparse MME REML). Build the pedigree inverse and fit through the mixed model equations; then predict EBVs for every individual in the pedigree (including unmeasured ones):
library(IASBLUP)

phe <- example_phenotype()   # 1,170 records
ped <- example_pedigree()    # 2,256 animals

A <- a_matrix(ped)$matrix    # 稠密 A(下文稠密引擎示例使用)
Ainv <- build_ainv(ped)      # 稀疏 A 逆(也可 ainv(ped, out = ...) 写盘)

fit_ped <- reml_mme(`BodyWeight_8w` ~ Sex + Environment,
                    data = phe,
                    Ainv = Ainv)
fit_ped$heritability
#>   Parameter  Estimate         SE  SE_method
#> 1        h2 0.5389685 0.07853658 ai-inverse

ebv_ped <- predict_ebv(phe, y = "BodyWeight_8w", Ainv = Ainv, fit = fit_ped,
                       reliability = TRUE, reliability_method = "diag")
head(ebv_ped$ebv_table)      # ID、EBV、PEV、SE、Reliability
#>     ID        EBV       PEV        SE Reliability
#> 1    1 109.409305 14504.007 120.43258   0.5714286
#> 2   10 158.718831  9669.338  98.33279   0.7142857
#> 3  100  -9.038908 25382.013 159.31733   0.2500000
#> 4   12  81.283172 11280.895 106.21156   0.6666667
#> 5 1296  34.173690  5801.603  76.16825   0.8285714
#> 6   13  78.608560 13537.074 116.34893   0.6000000
Scenario 2 — GBLUP (dense genomic REML). Build a GRM from the built-in genotypes and fit on the dense kernel:
G <- example_grm()           # 941 个基因型个体的内存 GRM

fit_gblup <- reml(`BodyWeight_8w` ~ Sex + Environment,
                  data = phe,
                  K = G$matrix)
fit_gblup$heritability
#>   Parameter  Estimate         SE                  SE_method
#> 1        h2 0.8656184 0.07747612 random-vector AI (PCG-SLQ)
Only genotyped individuals carry genomic relationships; the 229 ungenotyped records are dropped during ID matching.
Scenario 3 — Single-step (H inverse). Blend pedigree and genomic information into a single inverse relationship matrix: hinv() mixes the GRM into the pedigree A inverse, and reml_mme() reuses the MME machinery from Scenario 1 — ungenotyped individuals stay in the analysis through their pedigree ties:
Hinv <- hinv(ped, G$matrix, geno_ids = G$ids)   # 单步法 H 逆

fit_ss <- reml_mme(`BodyWeight_8w` ~ Sex + Environment,
                   data = phe,
                   Hinv = Hinv$matrix)
fit_ss$heritability
#>   Parameter  Estimate         SE  SE_method
#> 1        h2 0.6954195 0.07146945 ai-inverse
Records are matched to the relationship matrix by ID (first column by default); records with missing phenotypes or covariates, and records whose ID is absent from the relationship matrix, are dropped. On this data set each of the three fits takes a few seconds (hinv() itself takes about 5 seconds, since it must build A, the A inverse, and the blended matrix); the three h² values differ because the kernels describe different relationship information — pedigree only (Scenario 1), marker based (Scenario 2), and the blended single-step kernel (Scenario 3).
3	Example data and file I/O
3.1	Built-in example data
example_file() locates the files shipped with the package under extdata/example_data/:
	File
	Contents

	Genotype.bed/.bim/.fam
	PLINK binary genotypes, 941 individuals, 46,233 markers

	Phenotype.txt
	ID, Sex, Environment, BodyWeight_8w, BreastWidth, KeelLength

	Pedigree.txt
	ID / Sire / Dam (0/NA/empty = unknown parent)


example_phenotype() and example_pedigree() parse the two text files directly; all three can be joined by ID for end-to-end demonstrations.
dir <- example_file()
phe <- example_phenotype()
ped <- example_pedigree()

head(phe, 3)
#>      ID Sex Environment BodyWeight_8w BreastWidth KeelLength
#> 1 12008   F      Ground          2099        9.27      12.73
#> 2 12009   M        Room          1976        9.53      12.02
#> 3 12010   F        Room          2059       10.20      12.38
head(ped, 3)
#>   ID Sire  Dam
#> 1  B <NA> <NA>
#> 2  D <NA> <NA>
#> 3  C <NA> <NA>
dim(A <- a_matrix(ped)$matrix)
#> [1] 2256 2256
3.2	GRM binary files (.bin / .id)
example_grm() builds the example GRM: by default it returns the full dense matrix in memory (example_grm()$matrix, which can be passed directly as K =); with out = it writes the GRM to disk in IASBLUP’s compressed format (lower triangle, float32 by default) and returns a light descriptor object — the dense matrix never enters R. grm_info() inspects a file pair lightly (dimensions and storage precision only); read_grm() materialises it as a dense matrix, optionally subsetted/reordered by ID; write_grm() writes any symmetric matrix in the same format for the CLI (or for the kin_file = input described below).
grm_prefix <- file.path(tempdir(), "example_G")
eg <- example_grm(out = grm_prefix)
eg$mode
#> [1] "disk"
eg$n_markers_used
#> [1] 46233
eg$precision
#> [1] "float32"

grm_info(grm_prefix)
#> $prefix
#> [1] "/var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/example_G"
#> 
#> $n
#> [1] 941
#> 
#> $ids
#>   [1] "12648" "12863" "12703" "12203" "14082" "14547" "12338" "14890" "14033"
#>  [10] "12465" "12547" "14021" "14352" "14054" "12636" "14433" "14840" "12100"
#>  [19] "12835" "14480" "12950" "12991" "12068" "12496" "14704" "12826" "12742"
#>  [28] "12059" "14072" "14873" "14422" "14341" "12589" "12039" "12702" "14186"
#>  [37] "12782" "14469" "14261" "14733" "14059" "14512" "14381" "14855" "12785"
#>  [46] "14692" "14297" "12494" "12369" "14758" "12578" "12297" "12242" "14432"
#>  [55] "12109" "12663" "12112" "14700" "14557" "12398" "14964" "12997" "12897"
#>  [64] "14650" "14996" "14158" "12232" "12487" "14577" "12040" "14878" "12791"
#>  [73] "14559" "12827" "12899" "14092" "12393" "14310" "12051" "12307" "14992"
#>  [82] "14531" "14342" "14969" "14877" "13000" "14203" "12559" "14947" "14654"
#>  [91] "12874" "12915" "14165" "12433" "12310" "12436" "12550" "12368" "14190"
#> [100] "12590" "14746" "14067" "14939" "14574" "14264" "12122" "14355" "12660"
#> [109] "12898" "12036" "12989" "12367" "12634" "12770" "14421" "14237" "14332"
#> [118] "14276" "12810" "14219" "14037" "14242" "14536" "12357" "14859" "14563"
#> [127] "12070" "12304" "14735" "14842" "14801" "12497" "14892" "14671" "12387"
#> [136] "12970" "14981" "14123" "14258" "14753" "12173" "12987" "12083" "12684"
#> [145] "14696" "14499" "12409" "14339" "12087" "12850" "14220" "14441" "14122"
#> [154] "12383" "14273" "12208" "12596" "12414" "14893" "12995" "12857" "12287"
#> [163] "12672" "12411" "12191" "12685" "12617" "14447" "14115" "12534" "14426"
#> [172] "14631" "12602" "12864" "12420" "12871" "14714" "12760" "14865" "14462"
#> [181] "12902" "12157" "12195" "12336" "14814" "12523" "14983" "14131" "14357"
#> [190] "12938" "14038" "12885" "12443" "12249" "12764" "14496" "14262" "12959"
#> [199] "14368" "12659" "14516" "12294" "14669" "14024" "12963" "14805" "12844"
#> [208] "14804" "12060" "14353" "14808" "14109" "14307" "14638" "14568" "12765"
#> [217] "14323" "14349" "12423" "12326" "12111" "12674" "14850" "12954" "14414"
#> [226] "14495" "14957" "15000" "14290" "14570" "14485" "12065" "12638" "14679"
#> [235] "14616" "14621" "14951" "12319" "12807" "12019" "12962" "14937" "14914"
#> [244] "14764" "12123" "14689" "12933" "14134" "12830" "14211" "14418" "14664"
#> [253] "14127" "12690" "12726" "12344" "14763" "14279" "14530" "14334" "12481"
#> [262] "14141" "14838" "12124" "12711" "12057" "14517" "14936" "12300" "14658"
#> [271] "14409" "12591" "14825" "12981" "12031" "12317" "12566" "14953" "14538"
#> [280] "12948" "14954" "14611" "12697" "14673" "12811" "12555" "14226" "12278"
#> [289] "12747" "14299" "12705" "12832" "12389" "12118" "14481" "14930" "14900"
#> [298] "14078" "12250" "14191" "12601" "12935" "14454" "14514" "12082" "12441"
#> [307] "14389" "12889" "14858" "12134" "14060" "12339" "12476" "14861" "12289"
#> [316] "12745" "14472" "14230" "12264" "14508" "14245" "14333" "12385" "14912"
#> [325] "14682" "14087" "12818" "14159" "14378" "12390" "14289" "14752" "14180"
#> [334] "14727" "12207" "14259" "12661" "14016" "14917" "12992" "14359" "12668"
#> [343] "12696" "14766" "12194" "14284" "12066" "12825" "14474" "12056" "14885"
#> [352] "12088" "14327" "12541" "14386" "12922" "14294" "14924" "12656" "12777"
#> [361] "12313" "12686" "14782" "14097" "12837" "14395" "12565" "14344" "12839"
#> [370] "14224" "14774" "12064" "12455" "12890" "12408" "12689" "12732" "14429"
#> [379] "14235" "14246" "14895" "12032" "14424" "12330" "14317" "12413" "12197"
#> [388] "14415" "14596" "12567" "14573" "14872" "12216" "12594" "14909" "12806"
#> [397] "12075" "14719" "12094" "12395" "12312" "12808" "12209" "12683" "14622"
#> [406] "14672" "12620" "12900" "12306" "14171" "12939" "12462" "14686" "14802"
#> [415] "14369" "14558" "14265" "12200" "14769" "14537" "14644" "14743" "14785"
#> [424] "14902" "14881" "14993" "14153" "14383" "14350" "14685" "14540" "12968"
#> [433] "12860" "14717" "12320" "12190" "12816" "12388" "14179" "14470" "12524"
#> [442] "12076" "12805" "14397" "14747" "14416" "14500" "14906" "12340" "12460"
#> [451] "14274" "12373" "14055" "14730" "12985" "12955" "12202" "14853" "12537"
#> [460] "14281" "14653" "12416" "12169" "12480" "14118" "14994" "14505" "14308"
#> [469] "12801" "14640" "12147" "12988" "12552" "14384" "12940" "14105" "12322"
#> [478] "12957" "12274" "14786" "12829" "12740" "14216" "14065" "14950" "12321"
#> [487] "12949" "14908" "12855" "14042" "12030" "14400" "14041" "12451" "14176"
#> [496] "14269" "14796" "12624" "12243" "12513" "14518" "12680" "14897" "12784"
#> [505] "12722" "12633" "14659" "14598" "14884" "12115" "12519" "14987" "12210"
#> [514] "14776" "14444" "12598" "12996" "14491" "12654" "12691" "12149" "14044"
#> [523] "14926" "12972" "14995" "12557" "14448" "12834" "12893" "14707" "14765"
#> [532] "14521" "12358" "12793" "12730" "14915" "14600" "14243" "14326" "14978"
#> [541] "14329" "12905" "14163" "12577" "14971" "14452" "14624" "12412" "14526"
#> [550] "12356" "12193" "14298" "12856" "14887" "12167" "12506" "14661" "14539"
#> [559] "12812" "12952" "12944" "12917" "14466" "14394" "12446" "14818" "12098"
#> [568] "12700" "14960" "14875" "14069" "14015" "14627" "14057" "14620" "12775"
#> [577] "12318" "12679" "14100" "14313" "14218" "14615" "12302" "14775" "14811"
#> [586] "14403" "12666" "12687" "14625" "14652" "14201" "12919" "14494" "14584"
#> [595] "14392" "12337" "14899" "14880" "14922" "12259" "14988" "12986" "14319"
#> [604] "12188" "12587" "14768" "12625" "12912" "12774" "14582" "12164" "14510"
#> [613] "14701" "12271" "12517" "12701" "14929" "12681" "14502" "14240" "12071"
#> [622] "12105" "14315" "12292" "14542" "12813" "14351" "12592" "14968" "14249"
#> [631] "14725" "12180" "14181" "12631" "12089" "12093" "12171" "14871" "14524"
#> [640] "14199" "14293" "14894" "12868" "14311" "14959" "14361" "14548" "12391"
#> [649] "12444" "14270" "14291" "12799" "14837" "14040" "12708" "12332" "12347"
#> [658] "12117" "14779" "12177" "12851" "14228" "14236" "14790" "12729" "14463"
#> [667] "12437" "14750" "12135" "12324" "12262" "14955" "14461" "14406" "12822"
#> [676] "12971" "12159" "14815" "14374" "14760" "14312" "14227" "14550" "12913"
#> [685] "12009" "14117" "14172" "14656" "12270" "14605" "14229" "12434" "12597"
#> [694] "14849" "14256" "12334" "12495" "12069" "12119" "12272" "14340" "14982"
#> [703] "12572" "14525" "12993" "12154" "14868" "14834" "14973" "14197" "14047"
#> [712] "12693" "12736" "12145" "14051" "12941" "14534" "12819" "12499" "12936"
#> [721] "12928" "12172" "14905" "12536" "14889" "12795" "12067" "14244" "14189"
#> [730] "14194" "14106" "14617" "14901" "14336" "12576" "12267" "12102" "12610"
#> [739] "12222" "14613" "12892" "12341" "14438" "12327" "12717" "14161" "12903"
#> [748] "12168" "14116" "14456" "14169" "12266" "12649" "12440" "14182" "12548"
#> [757] "12151" "12419" "14446" "12283" "14493" "12920" "12838" "14932" "14869"
#> [766] "12277" "14938" "12010" "14145" "14013" "14535" "12314" "12622" "14633"
#> [775] "14139" "14459" "14048" "14757" "14075" "12034" "12305" "12189" "14677"
#> [784] "14705" "14767" "14029" "12580" "12842" "12113" "14772" "14132" "12281"
#> [793] "14821" "14314" "12239" "14618" "14101" "14286" "14532" "12733" "12424"
#> [802] "12639" "14966" "12489" "14827" "14232" "12175" "12953" "14709" "12179"
#> [811] "12514" "12037" "14497" "14561" "12743" "14566" "12588" "14839" "12771"
#> [820] "12311" "14103" "12073" "14292" "12348" "14569" "12422" "14756" "14851"
#> [829] "12515" "14923" "12891" "14160" "14579" "12611" "12814" "12646" "12027"
#> [838] "12924" "14039" "14863" "12427" "14612" "12841" "14956" "12872" "14699"
#> [847] "12901" "12013" "14143" "12712" "14360" "12363" "12932" "14749" "12571"
#> [856] "14144" "12138" "14974" "12800" "12512" "14450" "14927" "14630" "14972"
#> [865] "14404" "14346" "12263" "14592" "12759" "14064" "14177" "12744" "14377"
#> [874] "14713" "14755" "14695" "14088" "14028" "12768" "14093" "14595" "14553"
#> [883] "14052" "14628" "12520" "14662" "14090" "14697" "14187" "12994" "14439"
#> [892] "14819" "12895" "14833" "14062" "14904" "14094" "14560" "12619" "14958"
#> [901] "14412" "12143" "14304" "12008" "12141" "12645" "14221" "14347" "12020"
#> [910] "14071" "14702" "14787" "14253" "14214" "12268" "14935" "14053" "14820"
#> [919] "14348" "14828" "14183" "14688" "14528" "14590" "14208" "14507" "14058"
#> [928] "12382" "14223" "14844" "14632" "14843" "14200" "14583" "14589" "14503"
#> [937] "14687" "14434" "14916" "12869" "12887"
#> 
#> $precision
#> [1] "float32"
#> 
#> $file_size_bytes
#> [1] 1772844
#> 
#> $packed_elements
#> [1] 443211

# Read only the first 300 genotyped individuals
ids_g <- grm_info(grm_prefix)$ids
G_sub <- read_grm(grm_prefix, ids = head(ids_g, 300))
dim(G_sub$matrix)
#> [1] 300 300

# Round-trip: write a small matrix and read it back
sub_prefix <- file.path(tempdir(), "A_sub")
write_grm(sub_prefix, A[1:50, 1:50], rownames(A)[1:50])
grm_info(sub_prefix)$n
#> [1] 50
grm_info()$packed_elements equals n * (n + 1) / 2; multiplying by 4 or 8 predicts the float32/float64 file size before reading a large GRM.
3.3	Sparse inverse files (.inv.bin / .inv.id)
build_ainv() returns the pedigree inverse as a triplet data frame (0-based i/j) plus the ordered IDs; write_sparse_inverse() and read_sparse_inverse() handle the compressed file pair (the CLI and ainv(ped, out = ...) write the same format; see “Relationship matrices”).
Ainv_obj <- build_ainv(ped, sparse = FALSE)
head(Ainv_obj$triplet)
#>      i    j  x
#> 1 2248 2255 -1
#> 2 2248 2254 -1
#> 3 2253 2248 -1
#> 4 2253 1399 -1
#> 5 2253 2253  2
#> 6 1399 2252 -1

inv_prefix <- file.path(tempdir(), "demo_Ainv_io")
write_sparse_inverse(inv_prefix, Ainv_obj$triplet, Ainv_obj$ids)
list.files(tempdir(), pattern = "demo_Ainv_io")
#> [1] "demo_Ainv_io.inv.bin" "demo_Ainv_io.inv.id"

back <- read_sparse_inverse(inv_prefix)
length(back$ids)          # 2,256 animals
#> [1] 2256
Conditional-inverse warning. When a sparse inverse is used as the Kinv input to REML/BLUP, it must be the inverse of the relationship matrix of the analysed set — e.g. solve(A[idx, idx]) for a pedigree sub-block. A submatrix of the global inverse such as solve(A)[idx, idx] belongs to a different (conditional) model and can push h² to the boundary in small samples.
3.4	Result files
Native in-memory fits need no files, but any iasblup_result can be written with write_result() (short alias write_result()) using the standard CLI suffixes, and parsed back with read_results(). Both work on an output prefix, so CLI runs and R runs can read each other’s output. result_files() lists the files under a prefix and whether they exist; available_tables() lists the tables inside a result.
out <- file.path(tempdir(), "guide_results")
write_result(fit_ped, out = out)
#>                 Table
#> 1 variance_components
#> 2        heritability
#> 3         diagnostics
#> 4               trace
#> 5                beta
#> 6                 ebv
#>                                                                                                 File
#> 1 /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_results.variance_components.txt
#> 2        /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_results.heritability.txt
#> 3         /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_results.diagnostics.txt
#> 4               /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_results.trace.txt
#> 5                    /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_results.beta
#> 6                     /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_results.ebv
#>   Rows
#> 1    2
#> 2    1
#> 3    6
#> 4    3
#> 5    4
#> 6 2256
result_files(out)[, c("Table", "Exists", "Size")]
#>                 Table Exists  Size
#> 1 variance_components   TRUE   136
#> 2        heritability   TRUE    83
#> 3         diagnostics   TRUE   229
#> 4               trace   TRUE   322
#> 5                beta   TRUE   131
#> 6                 ebv   TRUE 52282

res <- read_results(out)
res$heritability
#>   Parameter  Estimate         SE  SE_method
#> 1        h2 0.5389685 0.07853658 ai-inverse
available_tables(res)
#>                 Table Available Rows               FileSuffix
#> 1             summary      TRUE 2272             .summary.txt
#> 2 variance_components      TRUE    2 .variance_components.txt
#> 3        heritability      TRUE    1        .heritability.txt
#> 4         diagnostics      TRUE    6         .diagnostics.txt
#> 5               trace      TRUE    3               .trace.txt
#> 6                beta      TRUE    4                    .beta
#> 7                 ebv      TRUE 2256                     .ebv
Dedicated readers — read_bivar() (read_bivar()), read_snp_effect(), read_rrcoef(), and read_rrcurve() — parse individual CLI output files; they return NULL instead of erroring when the file does not exist. See the bivariate, SNP-effect, and test-day sections below for examples.
4	BED tools
All functions operate directly on the PLINK binary triplet (.bed/.bim/.fam), within the R session; no external program is started.
bed_info() returns dimensions plus the FAM/BIM tables; read_bed() returns the dosage matrix, subsettable by sample index/IID and marker index/SNP ID:
bed <- tools::file_path_sans_ext(example_file("Genotype.bed"))

info <- bed_info(bed)
info$n_samples
#> [1] 941
info$n_markers
#> [1] 46233

sub <- read_bed(bed, samples = 1:5, markers = 1:8)
dim(sub$dosage)
#> [1] 5 8
filter_bed() writes a filtered PLINK triplet (SNP filtering maf, hwe, geno_rate; sample filtering indv_rate, keep/remove lists; SNP lists extract/exclude); ld_prune() performs PLINK-style --indep-pairwise pruning, returns the kept/dropped SNP tables, and can write .prune.in/.prune.out:
filt <- filter_bed(bed, out = file.path(tempdir(), "qc"),
                           maf = 0.05, geno_rate = 0.95)
c(n_in = filt$n_markers_in, n_out = filt$n_markers_out)
#>  n_in n_out 
#> 46233 37881

prune <- ld_prune(bed, indep_pairwise_kb = c(500, 50, 0.7))
nrow(prune$kept)
#> [1] 46233
qc() combines filtering and pruning in one step — the R equivalent of IASBLUP --QC:
qc <- qc(bed, out = file.path(tempdir(), "qc_full"),
                     maf = 0.01, geno_rate = 0.9,
                     indep_pairwise_kb = c(500, 50, 0.7))
c(n_in = qc$n_markers_in, n_kept = qc$n_kept, n_removed = qc$n_removed)
#>      n_in    n_kept n_removed 
#>     46233     46233         0
5	Relationship matrices
5.1	Pedigree A matrix and A inverse
a_matrix() builds the dense numerator relationship matrix (row order matches the pedigree). ainv() (alias of build_ainv()) constructs the sparse inverse via Henderson/Quaas recursion and can write IASBLUP-compatible .inv.bin/.inv.id files:
Ainv <- ainv(ped)                       # sparse matrix + ids
Ainv$ids[1:5]
#> [1] "1"    "10"   "100"  "12"   "1296"
Ainv$cycle_detected                     # pedigree ordering sanity check
#> [1] FALSE

Ainv <- ainv(ped, out = file.path(tempdir(), "guide_Ainv"))
list.files(tempdir(), pattern = "guide_Ainv")
#> [1] "guide_Ainv.inv.bin" "guide_Ainv.inv.id"
Written this way, the inverse is the correct conditional inverse of the full pedigree. If only a subset is analysed, invert the submatrix instead: solve(A[idx, idx]), not solve(A)[idx, idx] — the latter is the marginal inverse of a different (conditional) model and can push h² to the boundary in small samples.
5.2	Single-step H matrix and H inverse
h_matrix() blends the pedigree A with the genomic G within the genotyped block (by default tau = omega = 1, i.e. H = A + A[,g] A22⁻¹ (G − A22) A22⁻¹ A[g,]); hinv() builds the corresponding inverse (Ainv + Ginv − A22inv). G can be a dense matrix, a .bin/.id prefix, or the object returned by grm(); IDs are taken from the row names. out = writes dense .bin/.id (H) or sparse .inv.bin/.inv.id (Hinv) files.
G <- read_grm(grm_prefix)      # full 941-genotyped GRM from Section 'GRM binary files'
Gmat <- G$matrix

H <- h_matrix(ped, Gmat)
dim(H$matrix)
#> [1] 2256 2256

hinv_prefix <- file.path(tempdir(), "guide_Hinv")
Hi <- hinv(ped, Gmat, out = hinv_prefix)
list.files(tempdir(), pattern = "guide_Hinv")
#> [1] "guide_Hinv.inv.bin" "guide_Hinv.inv.id"
hinv() builds the sparse inverse by default and writes the .inv.bin/.inv.id file pair when out is given.
5.3	Genomic relationship matrix (GRM)
grm() builds an additive GRM from PLINK binary files, either in memory or on disk; method selects the weighting scheme (0/1/2 and 30/31/32, i.e. the CLI --kin-method codes), lambda is the shrinkage parameter. mode = "auto" keeps the dense matrix in R within the memory budget (memory_budget_gb, 4 GB by default) and otherwise requires out = to write to disk. grm_plan() estimates both costs before building, and the short alias kinship() always writes/returns through out.
Gmem <- grm(bed, mode = "memory")
dim(Gmem[["matrix"]])
#> [1] 941 941
Gmem[["n_markers_used"]]
#> [1] 46233

grm_plan(bed)
#>   n_samples n_markers full_matrix_gb packed_work_gb output_gb memory_budget_gb
#> 1       941     46233    0.006597348    0.003302179   1772844                4
#>   recommended_mode
#> 1           memory
The example_grm(out = ...) call in the GRM I/O section above is kinship()/grm(..., mode = "disk") on the example BED, while the default example_grm() is grm(..., mode = "memory").
5.4	Dominance and epistasis kernels
build_d() builds a dominance GRM from the same BED prefix (method = "vitezica" centres the dominance deviation per marker, "af_weighted" adds allele-frequency weighting, "empirical" standardises by the observed variance); build_epi() builds epistasis kernels from Hadamard products: AA = K_A * K_A, AD = K_A * K_D, DD = K_D * K_D:
KD <- build_d(bed, method = "vitezica")
dim(KD[["matrix"]])
#> [1] 941 941
KD[["n_markers_used"]]
#> [1] 46233

AA <- build_epi(Gmem[["matrix"]], type = "AA")
AD <- build_epi(Gmem[["matrix"]], K_D = KD[["matrix"]], type = "AD")
Both accept out = to write IASBLUP .bin/.id file pairs for the CLI.
5.5	Observed-individual submatrix
extract_a22() extracts the observed-individual block (A22) from a dense relationship matrix by ID — the matrix fitted by the observed-only REML acceleration (sparse_mme_a22_reml()) below:
A22 <- extract_a22(A, as.character(head(phe$ID, 100)))
A22$n_observed
#> [1] 100
6	Single-trait REML (reml() / reml())
reml() fits the animal model y = Xb + g + e with g ~ N(0, K σg²) by AI-REML iteration with fixed effects absorbed by GLS. It returns the two variance components (genetic/residual) plus AI-inverse SEs. he() runs a fast Haseman–Elston regression (moment estimator, no likelihood iteration) — useful for a first look and as starting values for REML.
method selects among five engines (names or the integer CLI --var-method codes):
	Engine
	Code
	Deterministic?
	Notes

	"exact"
	1
	Yes
	Dense reference implementation; exact traces and exact SEs; supports step_method = "dogleg"

	"cholesky"
	2
	score random
	48 Rademacher probes, fixed seed (reproducible); at n≈1000 the Monte Carlo band on h² is about ±0.003 — increase trace_samples to narrow it

	"eigen"
	3
	Yes
	One spectral decomposition of K; same as the CLI, may stall on high-h² data

	"lowrank"
	4
	Yes
	Truncated spectrum, suited to near-singular kernels

	"pcg_slq"
	5
	No
	Default; matrix-free; an occasional converged = FALSE from the noise floor is normal


fit_he <- he(`BodyWeight_8w` ~ Sex + Environment, data = phe, K = A)
fit_he$variance_components
#>   Component Variance        SE
#> 1   Genetic 12934.33  883.7837
#> 2  Residual 47046.92 1973.1855
fit_he$heritability
#>   Parameter  Estimate
#> 1        h2 0.2156395
Starting-value precedence: user-supplied sa2/se2 > HE regression estimates > var(y)*c(h2, 1-h2). Iteration stops when the relative log-likelihood change is small enough; SEs come from the inverse of the AI matrix at the final point. When a fit stalls on a flat ridge, step_method = "dogleg" (scaled trust region, CLI-compatible) usually helps. verbose = TRUE prints the native iteration table.
fit <- reml(`BodyWeight_8w` ~ Sex + Environment, data = phe, K = A,
            method = "exact")
fit_chol <- reml(`BodyWeight_8w` ~ Sex + Environment, data = phe, K = A,
                 method = "cholesky")
fit_chol$heritability
#>   Parameter  Estimate         SE  SE_method
#> 1        h2 0.5390271 0.07850555 AI_inverse

fit_pcg  <- reml(`BodyWeight_8w` ~ Sex + Environment, data = phe, K = A,
                 method = "pcg_slq")
fit_low  <- reml(`BodyWeight_8w` ~ Sex + Environment, data = phe, K = A,
                 method = "lowrank")
rbind(exact   = fit$heritability$Estimate,
      cholesky = fit_chol$heritability$Estimate,
      pcg_slq  = fit_pcg$heritability$Estimate,
      lowrank  = fit_low$heritability$Estimate)
#>               [,1]
#> exact    0.5441381
#> cholesky 0.5390271
#> pcg_slq  0.5424547
#> lowrank  0.4696992
Dense K input only — passing a sparse inverse (Ainv/Kinv/Hinv) errors and points you to reml_mme(). Low-level engines (reml_cholesky(), reml_eigen(), reml_cpp() with method =) and the data-frame (reml_df_cpp())/formula (reml_formula()) variants are available for programming:
fit_f <- reml_formula(`BodyWeight_8w` ~ Sex + Environment, phe, A)
identical(fit_f$heritability$Estimate, fit$heritability$Estimate)
#> [1] FALSE
Passing run = FALSE to any wrapper returns validated dry-run metadata instead of fitting (see the ?iasblup_dry_run methods):
dry <- reml(`BodyWeight_8w` ~ Sex, data = phe, K = A, run = FALSE)
class(dry)
#> [1] "iasblup_dry_run" "list"
as.data.frame(dry)
#>          Field               Value
#> 1       Kernel                   K
#> 2      Formula BodyWeight_8w ~ Sex
#> 3           ID                  ID
#> 4      Records                1170
#> 5      Animals                2256
#> 6 FixedColumns                   2
7	Sparse MME REML (reml_mme() / reml_mme())
Sparse inverse inputs (Ainv/Kinv/Hinv) go through the mixed model equations — per-iteration cost scales with the sparsity of the inverse rather than n³. Kinship sources are flexible: an ainv() result, a Matrix::sparseMatrix, a triplet data frame, or a .inv.bin prefix auto-detected via kin_file; a dense GRM prefix is rejected with a hint to use reml() instead.
fit_mme <- reml_mme(`BodyWeight_8w` ~ Sex + Environment,
                    data = phe,
                    Ainv = Ainv,          # built above; a .inv.bin prefix also works
                    method = "exact",
                    trace_mode = "exact",
                    step_method = "dogleg")
fit_mme$heritability
#>   Parameter  Estimate         SE  SE_method
#> 1        h2 0.5441381 0.07897394 ai-inverse
Key controls:
· trace_mode: "hutch" (default) uses fixed-seed Hutchinson probes with adaptive probe counts; hutch fits are polished after convergence (and after the iteration budget is exhausted) with an exact-trace double-check, so a noisy score never leaves the fit at a spurious zero crossing (see raw$exact_polish and raw$polish_iterations in the result); "fdiff" uses central-difference scores with an analytic AI matrix — deterministic; "exact" gives machine-precision exact traces (deterministic reference).
· solver: "auto" uses the sparse LDLT backend whenever the inverse is genuinely sparse (for "fdiff"/"hutch"/"exact" alike — exact traces come from a Takahashi selected inversion of the sparse factor, matching the CLI and orders of magnitude faster than densifying the MME); the dense backend serves near-dense inverse inputs or an explicit solver = "dense".
· method: "exact" (direct LDLT MME) or "pcg_slq" (matrix-free). Both accept step_method = "dogleg".
· sa2/se2 override the automatic starting values.
When a pedigree is so large that even the sparse MME struggles, the observed-only A22 acceleration first estimates variance components on the dense observed block, then predicts EBVs for all individuals with the full sparse inverse (equivalent to the CLI --mme-reml-mode observed-only). Records may be passed in any order — the wrapper aligns them internally with the sorted A22 block; a warning is issued when the full system is too small for the acceleration to pay off.
obs_ids <- as.character(head(phe$ID, 400))
y_obs <- phe$`BodyWeight_8w`[match(obs_ids, phe$ID)]
ai <- match(obs_ids, Ainv$ids)

a22 <- sparse_mme_a22_reml(
  y = y_obs,
  kinv = Ainv,
  animal_index = ai,
  A_matrix = A,
  predict = TRUE)
#> Warning: Observed-only A22 acceleration is not recommended when N_all <
#> max(4*n_obs, n_obs+5000). Consider using full sparse MME REML instead.
a22$variance$h2
#> [1] 0.2812549
head(a22$blup$u, 3)                    # full-system EBV solution
#> [1]  42.92740  97.31950 -30.47302
8	Multi-component models
multi_reml() fits V = Σ θ_k K_k + θ_res I for multiple dense kernels (e.g. additive + dominance), matching records against the ID set of kernels[[1]]; list names become component labels. he_df_cpp() with kernels = gives the multi-component HE regression. multi_blup() predicts per-component EBVs u_k = θ_k K_k P y (i.e. the columns of ebv), with variance components from theta =, a previous multi_reml fit, or an internal REML run.
The example below uses the 941 genotyped individuals so the pedigree and genomic kernels align; the dominance kernel KD comes from build_d() above.
ids_g <- rownames(Gmem[["matrix"]])
A_g <- A[ids_g, ids_g]
D_g <- KD[["matrix"]]
phe_g <- phe[match(ids_g, phe$ID), ]
phe_g <- phe_g[!is.na(phe_g$ID), ]    # 6 genotyped animals have no record

fit_multi <- multi_reml(phe_g,
                        kernels = list(Additive = A_g, Dominance = D_g),
                        trait = "BodyWeight_8w",
                        fixed = c("Sex", "Environment"))
fit_multi$variance_components
#>   Component Variance       SE
#> 1  Additive 34933.33 7560.715
#> 2 Dominance 10266.46 7000.477
#> 3  Residual 15401.08 8229.390
with(fit_multi$variance_components, Variance / sum(Variance))   # component ratios
#> [1] 0.5764494 0.1694110 0.2541396

fit_mhe <- multi_he_df_cpp(phe_g,
                                   kernels = list(A = A_g, D = D_g),
                                   trait = "BodyWeight_8w",
                                   fixed = c("Sex", "Environment"))
fit_mhe$variance_components
#>   Component   Variance       SE
#> 1         A 13964.2472 1275.364
#> 2         D   966.1954 3683.838
#> 3  Residual 44913.1296 4606.875

fit_mblup <- multi_blup(phe_g,
                        kernels = list(Additive = A_g, Dominance = D_g),
                        trait = "BodyWeight_8w",
                        fixed = "Sex",
                        fit = fit_multi)
head(fit_mblup$ebv, 3)                 # per-component EBV matrix
#>        Additive   Dominance
#> 12648 244.33593 109.8056316
#> 12863 -58.85284  39.2529286
#> 12703 116.77706  -0.5446743
The "pcg_slq" engine (method =) is matrix-free for large n but carries Monte Carlo fluctuation; the deprecated multi_kins argument of the HE helper is an alias of kernels.
9	EBV prediction and reliability
predict_ebv() (alias predict_ebv()) computes BLUP/EBVs from a REML fit object (fit =) or explicit sa2/se2; when both are missing and estimate_if_missing = TRUE, it first runs the matching REML engine (dense K or sparse MME). reliability = TRUE attaches PEV, SE, and reliability.
ebv <- predict_ebv(`BodyWeight_8w` ~ Sex + Environment,
                   data = phe, K = A, fit = fit, reliability = TRUE)
head(ebv$ebv, 3)
#>     12008     12009     12010 
#> 120.02401  43.20195 142.66592
head(ebv$reliability, 3)
#>     12008     12009     12010 
#> 0.6031333 0.6111211 0.6108785
Solver and reliability controls:
· Dense: solver = "direct", "pcg", "auto", or "pcg_absorb" (PCG with fixed effects absorbed); reliability_method "auto" resolves to "exact" for the direct solver and "hutchinson" for PCG.
· Sparse MME: solver = "direct"/"pcg", reliability "auto"/"exact"/ "approx"/"diag"/"none".
· reliability_methods() prints the full matrix of supported methods.
reliability_methods(model = "dense_blup")
#>        Model            Engine     Solver
#> 1 dense_blup dense native BLUP     direct
#> 2 dense_blup dense native BLUP        pcg
#> 3 dense_blup dense native BLUP pcg_absorb
#>                                     Supported       Auto     Approx
#> 1 auto, exact, approx, hutchinson, diag, none      exact       diag
#> 2 auto, exact, approx, hutchinson, diag, none hutchinson hutchinson
#> 3 auto, exact, approx, hutchinson, diag, none hutchinson hutchinson
#>                                                                                     Notes
#> 1 Exact is feasible only for small dense systems; diag is a fast posterior approximation.
#> 2                      Approx/auto use Hutchinson probing for PCG-scale dense prediction.
#> 3                       Approx/auto use Hutchinson probing after fixed-effect absorption.
accuracy() merges PEV/SE/reliability into one table, and augment_result() joins them onto the EBV table by individual; the genomic alias gebv() and the file-based fixed_effects() accessors behave like ebv() on prediction results. The low-level blup_cpp()/blup_df_cpp() (and *_formula) do plain BLUP without the wrapper conveniences.
head(accuracy(ebv), 3)
#>      ID      PEV       SE Reliability
#> 1 12008 13611.46 116.6682   0.6031333
#> 2 12009 13337.50 115.4881   0.6111211
#> 3 12010 13345.82 115.5241   0.6108785
10	Bivariate REML (bivar() / bivar())
Bivariate AI-REML estimates six parameters [vg1, vg2, vg12, ve1, ve2, ve12] and reports genetic, residual, and phenotypic correlations with SEs. Both traits must be fully paired (individuals missing either trait are rejected). Dense K is handled by the eigen-rotation engine — one O(n³) decomposition of K, after which every iteration updates in O(n m²) exactly, with no random traces — so a dense bivariate fit takes under a second here:
fit_bi <- bivar(`BodyWeight_8w` ~ Sex + Environment,
                `BreastWidth` ~ Sex + Environment,
                data = phe,
                K = A)
fit_bi$correlations                 # rG, rE, rP
#>               Parameter  Estimate         SE
#> 1                    rG 0.8017322 0.06417709
#> 2                    rE 0.6212914 0.04303514
#> 3                    rP 0.6721818 0.01883396
#> 4 rP_raw_complete_cases 0.6791574         NA
fit_bi$heritability                 # per-trait h2
#>   Parameter  Estimate         SE
#> 1      h2_1 0.5506859 0.07921154
#> 2      h2_2 0.2928907 0.06407481
fit_bi$variance_components          # [vg1, vg2, vg12, ve1, ve2, ve12]
#>   Component     Variance           SE
#> 1  G_trait1 3.484240e+04 6.457714e+03
#> 2  G_trait2 8.595965e-02 2.097375e-02
#> 3   Cov_G12 4.387637e+01 1.022738e+01
#> 4  R_trait1 2.842852e+04 4.136882e+03
#> 5  R_trait2 2.075275e-01 1.669437e-02
#> 6   Cov_R12 4.772108e+01 7.067618e+00
Sparse inverse inputs are fitted through the MME engine; trace_mode ("exact"/"fdiff"/"hutch"), step_method ("ai_halving"/"dogleg"), and hutch_probes apply only on that path. When the two traits’ variances differ by orders of magnitude, step_method = "dogleg" is recommended — its diagonally scaled trust region reaches higher likelihoods than AI halving on ill-scaled problems. The subset below is only to keep the build time down.
set.seed(42)
idx <- sample(as.character(phe$ID), 400)
phe_sub <- phe[match(idx, phe$ID), ]
Kinv_sub <- solve(A[idx, idx])       # conditional inverse of the analysed block

fit_bi_mme <- bivar(`BodyWeight_8w` ~ Sex,
                    `BreastWidth` ~ Sex,
                    data = phe_sub,
                    Kinv = Kinv_sub,
                    trace_mode = "exact")
fit_bi_mme$correlations
#>               Parameter  Estimate         SE
#> 1                    rG 0.8439255 0.10757304
#> 2                    rE 0.5584680 0.08181808
#> 3                    rP 0.6476156 0.03116426
#> 4 rP_raw_complete_cases 0.6544181         NA
bivar_predict() predicts both traits jointly: each individual’s trait EBV borrows strength from records on the other trait through the genetic and residual covariances, so a trait with no direct record still receives an EBV (correlated response). Variance components come from fit =, explicit 2×2 G/R, or an internal bivariate REML run.
ebv_bi <- bivar_predict(`BodyWeight_8w` ~ Sex + Environment,
                        `BreastWidth` ~ Sex + Environment,
                        data = phe,
                        K = A,
                        fit = fit_bi,
                        reliability = TRUE)
head(ebv_bi$ebv, 3)
#>          trait1      trait2
#> 12008 142.32432  0.08565958
#> 12009  46.10246 -0.04980803
#> 12010 132.21740  0.11039938
read_bivar() parses the CLI’s <out>.bivar_results.txt summary (written by IASBLUP --two-traits ... --out <out>); here writeLines simulates that file so the parser can be shown without launching the CLI:
bi_file <- file.path(tempdir(), "cli_run.bivar_results.txt")
writeLines(c(
  "================================================================================",
  "Bivariate REML Analysis Results",
  "================================================================================",
  "--- Heritability Estimates ---",
  "h²(Trait 1):                    0.5441 ± 0.0790",
  "h²(Trait 2):                    0.4437 ± 0.0763",
  "--- Correlation Estimates ---",
  "Genetic Correlation (rG):       0.8017 ± 0.0453",
  "Phenotypic Correlation (rP):    0.6722 ± 0.0189",
  "--- Variance Components ---",
  "           Parameter       Estimate      Std.Error",
  "--------------------------------------------------",
  "       Var(G_trait1)     34297.1183      6386.0526",
  "       Var(G_trait2)        12.1231         2.0236",
  "           Cov(G_12)       164.7655        10.5467"
), bi_file)

read_bivar(file.path(tempdir(), "cli_run"))$correlations
#>    Parameter Estimate     SE
#> 1    Genetic   0.8017 0.0453
#> 2 Phenotypic   0.6722 0.0189
11	Threshold traits (threshold())
Binary (0/1 or two-level factor) traits are analysed on the liability scale: the response is first transformed to probit-liability conditional means using the population prevalence (the sample prevalence when not supplied), then the standard single-trait REML engines apply. Heritability is reported as h2_liability; the threshold metadata block carries the prevalence, the liability threshold, and the case/control counts; predict = TRUE appends per-record liability scores and disease probabilities.
The dense path requires a numeric 0/1 trait column; the sparse MME path also accepts character/factor responses. The example below dichotomises 8-week body weight at the median and takes a subset — only to keep the build time down.
set.seed(42)
idx <- sample(as.character(phe$ID), 500)
status <- as.integer(phe$`BodyWeight_8w`[match(idx, phe$ID)] >
                      median(phe$`BodyWeight_8w`))

fit_thr <- threshold(data.frame(id = idx, status = status),
                             trait = "status", id = "id",
                             K = A[idx, idx],
                             prevalence = 0.5)
fit_thr$heritability
#>      Parameter  Estimate        SE
#> 1 h2_liability 0.2551004 0.1005259
fit_thr$threshold[c("prevalence", "liability_cutoff", "n_cases")]
#> $prevalence
#> [1] 0.5
#> 
#> $liability_cutoff
#> [1] 0
#> 
#> $n_cases
#> [1] 257
fit_thr_p <- threshold(data.frame(id = idx, status = status),
                               trait = "status", id = "id",
                               K = A[idx, idx],
                               prevalence = 0.5,
                               predict = TRUE,
                               reliability = TRUE)
head(fit_thr_p$threshold_predictions, 3)
#>      ID LiabilityScore CaseProbability         EBV FixedScore CaseLevel
#> 1 14827    -0.09501773       0.4621504 -0.14162013  0.0466024         1
#> 2 14158     0.22463744       0.5888693  0.17803504  0.0466024         1
#> 3 14786    -0.00704495       0.4971895 -0.05364735  0.0466024         1
#>   ControlLevel
#> 1            0
#> 2            0
#> 3            0
Note: the predict = TRUE path returns a prediction result object — the variance components stay in the fit_thr object above (threshold_info()/ threshold_table() access the metadata, threshold_predictions() the per-record table).
12	GLMM and fixed-effect models
glmm() fits binary (two-level) traits with a latent-scale GLMM (PQL/IRLS plus an animal random effect), link = "probit" (default) or "logit"; the higher observed response level is treated as the case. Variances are reported on the latent linear-predictor scale (h2_latent). Sparse MME inputs use the exact sparse inner solver; reliability = TRUE attaches latent-scale PEVs.
glmm_dense <- glmm(status ~ 1,
                   data = data.frame(id = idx, status = status),
                   K = A[idx, idx])
glmm_dense$heritability
#>   Parameter  Estimate         SE
#> 1 h2_latent 0.1565216 0.06639325
glmm_dense$variance_components
#>        Component  Variance         SE
#> 1        Genetic 0.1855669 0.09332027
#> 2 LatentResidual 1.0000000         NA

glmm_sparse <- glmm(status ~ 1,
                    data = data.frame(id = idx, status = status),
                    Kinv = solve(A[idx, idx]),   # sparse MME GLMM (logit link)
                    link = "logit")
glmm_sparse$variance_components
#>        Component  Variance         SE
#> 1        Genetic 0.1050734 0.05307192
#> 2 LatentResidual 3.2898681         NA
glmm_summary() returns the GLMM key-value diagnostic table. The formula variant glmm_formula() and the low-level fixed_glmm_cpp()/ sparse_glmm_cpp() (plus _df_cpp wrappers) are the programming entry points.
Standalone fixed-effect models (no relationship matrix) are thin wrappers around stats::lm()/stats::glm() returning standard result objects — handy for benchmarking fixed effects before adding a kernel:
lm_fit <- fixed_lm(phe, trait = "BodyWeight_8w", id = "ID",
                     fixed = c("Sex", "Environment"))
head(lm_fit$beta, 3)
#>             Name   Estimate       SE   Statistic           Pr
#> 1    (Intercept) 1824.91473 12.90433 141.4188394 0.000000e+00
#> 2           SexM  175.71525 14.38762  12.2129505 2.289715e-32
#> 3 EnvironmentNet   18.60543 22.63696   0.8219049 4.112990e-01

glm_fit <- fixed_glm_formula(status ~ 1,
                               data.frame(status = status),
                               family = "logit")
head(glm_fit$beta, 3)
#>          Name   Estimate        SE Statistic        Pr
#> 1 (Intercept) 0.05601464 0.0894778 0.6260172 0.5313037
fixed_model() unifies both via model = "lm"/"glm"; formula-native results support the full S3 machinery (summary(), predict(newdata =), residuals(), anova_table()).
13	Repeatability, maternal, and test-day models
Repeatability. repeatability() fits y = Xb + a + pe + e with a permanent-environment (PE) kernel across distinct IDs; it reports h2, pe2, and repeatability (= h² + pe²). repeatability_blup_cpp() predicts genetic and PE EBVs from the fit. The demo below simulates three records per individual from the example pedigree (true values: genetic 3, PE 0, residual 5):
set.seed(42)
ids_rep <- as.character(ped$ID)[1:150]
A_rep <- A[ids_rep, ids_rep]
ar <- drop(t(chol(A_rep)) %*% rnorm(length(ids_rep))) * sqrt(3)
repdat <- data.frame(
  id = rep(ids_rep, each = 3),
  y  = rep(10 + ar, each = 3) + rnorm(3 * length(ids_rep), 0, sqrt(5))
)
fit_rep <- repeatability(y ~ 1, data = repdat, K = A_rep)
fit_rep$variance_components
#>      Component     Variance        SE
#> 1      Genetic 2.893272e+00 0.8509836
#> 2 PermanentEnv 3.111867e-08 0.6273210
#> 3     Residual 4.880622e+00 0.3927291
The row names of a_matrix() are character-sorted ("1", "10", "100", ...); when generating records from a simulated a, the simulated breeding values must be kept in the same order as the matrix rows.
Maternal models. maternal(..., model = "env") adds an uncorrelated maternal environmental effect per dam; model = "genetic" adds a maternal genetic effect using the dams’ block of K (so dam IDs must appear in K, and the analysis set must include the dams). Records with unknown dam are dropped. The maternal BLUP helpers (maternal_env_blup_cpp(), maternal_genetic_blup_cpp(), and the _df_cpp wrappers) predict direct/maternal EBVs from a fit.
phe_ped <- merge(phe, ped, by.x = "ID", by.y = "ID")
phe_m <- phe_ped[phe_ped$Dam != "0" & !is.na(phe_ped$Dam), ]
set.seed(2)
im <- sample(nrow(phe_m), 300)
ids_m <- as.character(phe_m$ID[im])

fit_menv <- maternal(y ~ sex,
                     data = data.frame(id = ids_m,
                                       dam = phe_m$Dam[im],
                                       y = phe_m$`BodyWeight_8w`[im],
                                       sex = phe_m$Sex[im]),
                     trait = "y", id = "id", dam = "dam",
                     K = A[ids_m, ids_m], model = "env")
fit_menv$heritability
#>             Parameter     Estimate        SE
#> 1           direct_h2 4.421402e-01 0.2099716
#> 2       maternal_env2 8.105406e-06 0.1104330
#> 3 total_repeatability 4.421483e-01 0.1576516

ids_all <- union(ids_m, as.character(phe_m$Dam[im]))   # dams must be in K
fit_mgen <- maternal(y ~ sex,
                     data = data.frame(id = ids_m,
                                       dam = phe_m$Dam[im],
                                       y = phe_m$`BodyWeight_8w`[im],
                                       sex = phe_m$Sex[im]),
                     trait = "y", id = "id", dam = "dam",
                     K = A[ids_all, ids_all], model = "genetic")
fit_mgen$heritability
#>             Parameter     Estimate         SE
#> 1           direct_h2 4.153301e-01 0.20414174
#> 2         maternal_h2 1.049997e-05 0.08874328
#> 3 total_genetic_ratio 4.153406e-01 0.16005243
Test-day models. tdm() fits a random-regression test-day model (RR-TDM): additive effects follow Legendre polynomials in days in milk (dim), and herd-test-day (htd) forms the contemporary group; the dense engine supports residual classes heterogeneous across DIM breakpoints (resid_class_breaks) and returns the Ka/Kpe random-regression covariance blocks, residual_var, and variance_curve on a DIM grid. The sparse MME engine (sparse_rr_tdm_reml_df_cpp(), or tdm() with Kinv/Ainv/Hinv) returns per-individual random regression coefficients (rrcoef) and per-individual genetic/PE/total curves (rrcurve).
set.seed(3)
it <- sample(ids_m, 100)
tdat <- data.frame(
  id  = rep(it, each = 3),
  htd = rep(sprintf("H%02d", 1:7), length.out = 3 * length(it)),
  dim = rep(c(30, 90, 150), length(it)),
  y   = rnorm(3 * length(it))        # 纯噪声:真遗传/PE 方差 = 0
)
fit_tdm <- tdm(tdat, trait = "y", id = "id", dim = "dim",
                       htd = "htd", K = A[it, it])
fit_tdm$Ka
#>               [,1]          [,2]
#> [1,]  1.674066e-06 -2.503034e-07
#> [2,] -2.503034e-07  5.526933e-07
fit_tdm$residual_var
#> [1] 1.073585
set.seed(3)
it <- sample(ids_m, 150)
tdat <- data.frame(
  id  = rep(it, each = 3),
  htd = rep(sprintf("H%02d", 1:7), length.out = 3 * length(it)),
  dim = rep(c(30, 90, 150), length(it)),
  y   = rnorm(3 * length(it))
)
fit_stdm <- sparse_rr_tdm_reml_df_cpp(
  tdat, Kinv = solve(A[it, it]), trait = "y",
  dim = "dim", htd = "htd", id = "id",
  n_animals = length(it), rr_order = 2)
head(fit_stdm$rrcoef, 3)
#>          ID  Genetic_L0  Genetic_L1   Genetic_L2       PE_L0       PE_L1
#> 14331 14331  0.08903956 -0.06142007 -0.007523596  0.10675026  0.21193476
#> 12709 12709  0.08686132 -0.06002478 -0.007366662 -0.21051944 -0.51904314
#> 14573 14573 -0.06434415  0.04440361  0.005441570  0.06432227 -0.01431284
#>            PE_L2
#> 14331  0.2022165
#> 12709 -0.1913390
#> 14573 -0.2967604
head(fit_stdm$rrcurve, 3)
#>      ID DIM   Genetic          PE     Total
#> 1 14331  30 0.1429360  0.09703205 0.2399681
#> 2 14331  42 0.1347148  0.03022206 0.1649368
#> 3 14331  54 0.1255907 -0.01232193 0.1132687
The compact scalar-kernel engine (no residual classes/heterogeneous classes) is exposed through the formula interface and is currently the reliable RR-TDM path:
fit_rr <- rr_tdm_formula(y ~ 1, tdat, A[it, it], dim = "dim")
fit_rr$heritability
#> [1] 0.01710238
read_rrcoef()/read_rrcurve() parse the CLI’s <out>.rrcoef.txt/ <out>.rrcurve.txt; write_result() writes the same tables from an R fit object:
out_tdm <- file.path(tempdir(), "guide_tdm")
write_result(fit_stdm, out = out_tdm)
#>                 Table
#> 1 variance_components
#> 2        heritability
#> 3         diagnostics
#> 4               trace
#> 5                beta
#> 6              rrcoef
#> 7             rrcurve
#>                                                                                             File
#> 1 /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_tdm.variance_components.txt
#> 2        /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_tdm.heritability.txt
#> 3         /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_tdm.diagnostics.txt
#> 4               /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_tdm.trace.txt
#> 5                    /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_tdm.beta
#> 6                  /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_tdm.rrcoef
#> 7                 /var/folders/sq/vq21sxgj4q1c4zck_8g80t9m0000gn/T//RtmplvMy8L/guide_tdm.rrcurve
#>   Rows
#> 1   19
#> 2   11
#> 3   30
#> 4   14
#> 5    7
#> 6  150
#> 7 1650
list.files(tempdir(), pattern = "guide_tdm")
#> [1] "guide_tdm.beta"                    "guide_tdm.diagnostics.txt"        
#> [3] "guide_tdm.heritability.txt"        "guide_tdm.rrcoef"                 
#> [5] "guide_tdm.rrcurve"                 "guide_tdm.trace.txt"              
#> [7] "guide_tdm.variance_components.txt"
head(read_rrcoef(out_tdm), 3)
#>      ID  Genetic_L0  Genetic_L1   Genetic_L2       PE_L0       PE_L1      PE_L2
#> 1 14331  0.08903956 -0.06142007 -0.007523596  0.10675026  0.21193476  0.2022165
#> 2 12709  0.08686132 -0.06002478 -0.007366662 -0.21051944 -0.51904314 -0.1913390
#> 3 14573 -0.06434415  0.04440361  0.005441570  0.06432227 -0.01431284 -0.2967604
head(read_rrcurve(out_tdm), 3)
#>      ID DIM   Genetic          PE     Total
#> 1 14331  30 0.1429360  0.09703205 0.2399681
#> 2 14331  42 0.1347148  0.03022206 0.1649368
#> 3 14331  54 0.1255907 -0.01232193 0.1132687
14	SNP effects (snp_effect())
snp_effect() residualises phenotypes and dosages on the fixed-effect design and estimates per-marker OLS effects — one association test per retained marker, reading the BED prefix directly. It requires exactly one phenotypic record per BED sample ID (duplicate IDs are rejected); records are matched against .fam IIDs; maf/geno_rate filter SNPs; out = writes <out>.snp_effects.txt for read_snp_effect().
phe_fam <- phe[match(bed_info(bed)$fam$IID, phe$ID), ]
phe_fam <- phe_fam[!is.na(phe_fam$ID), ]

effects <- snp_effect(phe_fam,
                              prefix = bed,
                              trait = "BodyWeight_8w",
                              id = "ID",
                              maf = 0.01,
                              out = file.path(tempdir(), "guide_snp"))
head(effects[, c("SNP", "MAF", "Effect_A1_Dosage", "P")])
#>          SNP        MAF Effect_A1_Dosage            P
#> 1  chr1:1539 0.09823529        -15.07682 0.4556537063
#> 2  chr1:1556 0.07635747        -46.09087 0.0576027229
#> 3 chr1:10869 0.12040332         -9.04045 0.6238936912
#> 4 chr1:12856 0.06040268        -33.60283 0.1654345866
#> 5 chr1:12924 0.07740113         28.07936 0.1896462698
#> 6 chr1:13087 0.08208955         80.28608 0.0001257468

read_snp_effect(file.path(tempdir(), "guide_snp")) |>
  subset(P < 0.01) |> nrow()
#> [1] 3560
The low-level variants snp_effect_cpp() (vector y + optional design matrix X) and snp_effect_df_cpp() are for pipelines.
15	Result objects and accessors
All high-level fits return an iasblup_result: a list containing variance_components, heritability, beta (fixed effects), trace (per-iteration log), and raw (engine-native fields such as theta, converged, exact_polish), plus family-specific tables (ebv, pev, se, reliability, correlations, threshold, threshold_predictions, Ka, rrcoef, etc.).
The short accessors never error when a table is missing — they return NULL:
	Accessor
	Extracts

	vc(), h2(), se()
	Variance components / heritability / SE columns

	ebv(), gebv()
	EBV vector or matrix

	fixed_effects(), anova_table()
	Fixed effects and ANOVA table

	pev(), reliability(), accuracy()
	PEV / reliability / merged accuracy

	iteration_trace(), trace_table()
	Native iteration log

	diagnostics()
	Convergence diagnostic metadata

	corr()
	Bivariate correlations


tidymodels-style summaries: tidy_result() stacks the estimate tables into a long table, glance_result() gives a one-row model-level summary (h², logLik, nobs, convergence status, threshold metadata), and augment_result() returns record-level fitted values/predictions/EBVs merged with accuracy. The standard S3 generics also work: coef(), confint(), vcov(), fitted(), residuals(), predict(), logLik(), nobs(), sigma(), deviance(), model.frame()/model.matrix() (formula-native fixed LM/GLM).
vc(fit)
#>   Component Variance       SE  SE_method
#> 1   Genetic 34297.31 6386.068 AI_inverse
#> 2  Residual 28733.22 4108.094 AI_inverse
h2(fit)
#>   Parameter  Estimate         SE  SE_method
#> 1        h2 0.5441381 0.07897394 AI_inverse
fixed_effects(fit)
#>     (Intercept)            SexM  EnvironmentNet EnvironmentRoom 
#>      1826.79298       183.11956         1.04969       -55.97330
head(pev(ebv), 3)                 # prediction SE/PEV live on the EBV object
#>    12008    12009    12010 
#> 13611.46 13337.50 13345.82
head(reliability(ebv), 3)
#>     12008     12009     12010 
#> 0.6031333 0.6111211 0.6108785
iteration_trace(fit_mme) |> head(3)
#>   iter    logLik      sa2      se2        h2        score        step probes
#> 1    1 -8024.627 20609.07 48087.83 0.3000000 1.786888e-03 0.720978819     NA
#> 2    2 -8011.586 32354.18 26851.50 0.5464709 9.605745e-04 0.086652716     NA
#> 3    3 -8010.382 34192.93 28607.93 0.5444660 5.270329e-05 0.005338528     NA
diagnostics(fit)
#>     Section            Parameter                             Value Numeric
#> 1 data_info              n_input                              1170    1170
#> 2 data_info               n_used                              1170    1170
#> 3 data_info n_missing_or_invalid                                 0       0
#> 4 data_info       n_id_not_found                                 0       0
#> 5 data_info               id_col                                ID      NA
#> 6 data_info              formula BodyWeight_8w ~ Sex + Environment      NA

tidy_result(fit, tables = "estimates") |> head(4)
#>                 Table Section   Parameter     Estimate           SE Statistic
#> 1 variance_components    <NA>     Genetic 3.429731e+04 6.386068e+03        NA
#> 2 variance_components    <NA>    Residual 2.873322e+04 4.108094e+03        NA
#> 3        heritability    <NA>          h2 5.441381e-01 7.897394e-02        NA
#> 4       fixed_effects    <NA> (Intercept) 1.826793e+03           NA        NA
#>    P            Value      Numeric
#> 1 NA 34297.3142672561 3.429731e+04
#> 2 NA 28733.2153356764 2.873322e+04
#> 3 NA 0.54413812613214 5.441381e-01
#> 4 NA 1826.79298056775 1.826793e+03
glance_result(fit)
#>    out        model nobs df_residual    logLik AIC    sigma        h2
#> 1 <NA> single-trait 1170        1166 -8010.378  NA 169.5087 0.5441381
#>   threshold_prevalence threshold_sample_prevalence threshold_cases
#> 1                   NA                          NA              NA
#>   threshold_controls threshold_case_level threshold_control_level
#> 1                 NA                 <NA>                    <NA>
#>   threshold_scale n_beta n_ebv n_accuracy convergence
#> 1            <NA>      4     0          0        TRUE

coef(fit)
#>     (Intercept)            SexM  EnvironmentNet EnvironmentRoom 
#>      1826.79298       183.11956         1.04969       -55.97330
confint(fit, parm = "heritability")
#>   Parameter  Estimate         SE    Lower     Upper
#> 1        h2 0.5441381 0.07897394 0.389352 0.6989242
logLik(fit)
#> 'log Lik.' -8010.378 (df=NA)
nobs(fit)
#> [1] 1170
augment_result(ebv) |> head(3)
#>   Table  Name  Estimate
#> 1   ebv 12008 120.02401
#> 2   ebv 12009  43.20195
#> 3   ebv 12010 142.66592
16	Performance and threads
The native kernels are multithreaded via OpenMP. get_threads()/ set_threads() control the package-level thread cap (0 or negative = all cores), openmp_enabled() and openmp_max_threads() describe the build; any call with threads = overrides the cap for its own run. The GRM builders (grm(), build_d()) and the dense REML engines accept threads = directly.
openmp_enabled()
#> [1] TRUE
openmp_max_threads()
#> [1] 1
old <- get_threads()
set_threads(2)
get_threads()
#> [1] 1
set_threads(old)
For reproducible timing, set the thread count explicitly before benchmarking; the random engines (pcg_slq, hutch traces) fix their seeds internally, so their reproducibility does not depend on the thread count.
17	Function index
	Family
	Main functions
	Section

	Example data / file I/O
	example_file/phenotype/pedigree/grm, read/write_grm, grm_info, read/write_sparse_inverse, write_result, read_results, result_files, available_tables, read_bivar, read_snp_effect, read_rrcoef, read_rrcurve
	Example data and file I/O; bivariate; SNP effects; repeatability/maternal/test-day

	BED tools
	bed_info, read_bed, filter_bed, ld_prune, qc
	BED tools

	Relationship matrices
	a_matrix, ainv, h_matrix, hinv, grm, grm_plan, kinship, build_d, build_epi, extract_a22
	Relationship matrices

	Single-trait REML
	reml, reml, he, reml_cpp, reml_cholesky, reml_eigen, reml_formula
	Single-trait REML

	Sparse MME REML
	reml_mme, reml_mme, sparse_mme_a22_reml, sparse_mme_reml_cpp
	Sparse MME REML

	Multi-component
	multi_reml, multi_he_df_cpp, multi_blup
	Multi-component models

	EBV prediction
	predict_ebv, predict_ebv, blup_cpp, accuracy, reliability_methods
	EBV prediction and reliability

	Bivariate
	bivar, bivar, bivar_predict, bivar_predict
	Bivariate REML

	Threshold traits
	threshold, threshold, threshold_formula
	Threshold traits

	GLMM / fixed effects
	glmm, glmm, sparse_glmm_*, fixed_model, fixed_lm, fixed_glm, *_formula
	GLMM and fixed-effect models

	Repeatability / maternal / test-day
	repeatability, maternal, repeatability_blup_*, maternal_*_blup_*, tdm, rr_tdm_formula, sparse_rr_tdm_reml_*
	Repeatability, maternal, and test-day models

	SNP effects
	snp_effect, snp_effect
	SNP effects

	Result objects
	vc, h2, se, ebv, gebv, pev, reliability, fixed_effects, trace_table, iteration_trace, diagnostics, tidy_result, glance_result, augment_result, and S3 methods
	Result objects and accessors

	Performance
	set_threads, get_threads, openmp_enabled, openmp_max_threads
	Performance and threads


Short aliases (kinship, ainv, read_grm, write_grm, read_inv, write_inv, read_results, read_bivar, etc.) and each family’s low-level _cpp/_df_cpp/_formula variants behave identically to the canonical entries in the table above; see ?short_aliases and ?reml_formula.
18	FAQ
· How do I choose between reml() and reml_mme()? Dense K → reml(); sparse inverse → reml_mme(). Passing the wrong input errors with a hint pointing to the right entry point.
· Why is h² stuck at 0 or 1? Usually a wrong inverse (solve(A)[idx, idx] instead of solve(A[idx, idx])), too little data, or a trait that genuinely has (nearly) no genetic variance.
· h² ≈ 0 for repeated records in a simulation — is the engine broken? Almost always misaligned simulated data: the rownames() of the a_matrix() output are character-sorted ("1", "10", "100", ...), so breeding values simulated from the row order of chol(A) land on the wrong individuals when records are built in numeric ID order. A misaligned a behaves exactly like a permanent-environment effect, and the record-level engines (dense, MME, repeatability(), full RR-TDM) correctly assign it to PE while the genetic component collapses to ≈ 0. Simulate in matrix row order (or index by ID throughout); once the data are aligned, every engine recovers the simulated variance components.
· How do I reproduce the random engines? Seeds are fixed internally (Hutchinson probes, SLQ), so results are reproducible on the same machine. Increase trace_samples / probes to narrow the Monte Carlo band.
· How do I see the iteration log? Pass verbose = TRUE to any REML call, or read iteration_trace(fit).
· Bivariate fit stalls? Try step_method = "dogleg" (ill-scaled trait variances) or trace_mode = "exact" (sparse MME path); check that both traits are fully paired.
· Confused by the reliability options? Call reliability_methods(model = "all") — it lists the supported reliability_method for every model/solver combination and how "auto" resolves.
· Where are the SNP-level results? snp_effect() returns the per-marker table directly; with out = the same table is written to <out>.snp_effects.txt, readable with read_snp_effect().
